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Abstract
Background: Policy makers and practitioners in low- and middle-income countries (LMICs) are increasingly focusing on the
effectiveness of digital devices in the delivery of medical and educational services to children under resource constraints. It is
widely known that digital literacy can be fostered through exposure to and education regarding digital devices, which can improve
children’s academic performance as well as their search and communication skills in the digital era. However, the correlation
between the cognitive function of children and exposure and intensity of the exposure to digital devices has rarely been studied,
and the association between digital device exposure and the socioeconomic characteristics and cognitive development of children
in LMICs is unknown.
Objective: This study examines the association among exposure to digital devices, socioeconomic status, and cognitive function
in children aged 3 to 9 years in Cambodia.
Methods: We used a survey of 232 children that gathered data on familiarity with digital devices, demographic characteristics,
and socioeconomic status, as well as a Cambridge Neuropsychological Test Automated Battery test for cognitive function, to
examine the association between possible barriers and factors that may influence the cognitive function of children in 2 Cambodian
schools from April 22, 2019, to May 4, 2019. A comparative analysis was performed with and without digital exposure, and an
association analysis was performed among the variables from the survey and cognitive function.
Results: Significant differences were observed in demographic and socioeconomic characteristics such as school location,
family type, and family income according to digital device exposure. The results of the Cambridge Neuropsychological Test
Automated Battery tests, except for 1 test related to executive function, indicated no significant differences (P>.05) between
group A and group B or among the 4 subgroups. Pretest digital device experience and amount of time spent using digital devices
during the test had no significant impacts on the cognitive development of the children. Conversely, the multivariate analyses
showed that cognitive function was associated with educational expenses per child, school (location), family type, and family
income.
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Conclusions: These results provide evidence to policy makers and practitioners on the importance of improving socioeconomic
conditions, leading to investment in education by implementing programs for children’s cognitive development through digital
devices in LMICs.
(J Med Internet Res 2022;24(8):e31206) doi:10.2196/31206
KEYWORDS
low- and middle-income countries; digital device exposure; children; cognitive function; socioeconomic status

Introduction
Background
Resource-constrained health systems in low- and middle-income
countries (LMICs) are considered a key obstacle to achieving
sustainable development goals (SDGs), specifically SDG 3, to
“ensure healthy lives and promote well-being for all at all ages,”
and SDG 4, to “ensure inclusive and equitable quality education
and promote lifelong learning opportunities for all” [1-3]. As
LMICs are experiencing an unprecedented increase in the
number and use of digital devices such as mobile phones, digital
health and education initiatives that capitalize on the widespread
use of these devices are emerging [4,5]. A digital device is a
physical piece of equipment that uses digital data in some way,
such as sending, receiving, storing, or processing data [6].
Despite controversies over various digital initiatives and
programs using digital devices, such as “One Laptop Per Child,”
policy makers and practitioners are still interested in the
potential of digital technology to address issues such as the
digital divide, the impact of resource constraints on cognitive
development, and developmental disabilities in children [7-11].
However, will digital device exposure and intensity of the
exposure affect cognitive development in children in LMICs?
This question is difficult to answer because most of the research
targets high-income countries, adolescents, and adults [12-14].
In addition to foundational skills such as literacy and numeracy,
digital literacy and skills are also key to implementing the SDGs
in this digital age [2]. Therefore, many have suggested using
digital devices for children’s cognitive development to improve
information processing, communication skills, and educational
attainment [10,15]. Studies have demonstrated that digital
devices provide only short-term improvements in children’s
cognitive abilities during interventions [11,16-19]. A recent
study on patients with an intellectual disability diagnosis showed
significant improvement in cognitive function using digital
devices [20]. Moreover, most studies have focused on the
experience of high-income countries or different age groups
and patient-only analyses [14,20-23]. The evidence provided
by these studies may not be relevant to LMICs because of their
different socioeconomic environments and cultures. Although
socioeconomic characteristics of households, both within and
without, are known to significantly affect cognitive
development, few studies on digital device–using interventions,
including on the impact of various levels of digital device
exposure on children’s cognitive development, have been
conducted in LMICs [24].
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This Study
This study addressed the following questions through a survey
and cognitive function tests of children in LMICs:
1.
2.
3.

Do demographic and socioeconomic characteristics differ
according to digital device exposure in LMICs?
Do digital device exposure and intensity of the exposure
affect cognitive function in children in LMICs?
Is there an association among digital device exposure,
demographic and socioeconomic characteristics, and
cognitive function of children in LMICs?

Methods
Study Design
This cross-sectional study was designed to identify and analyze
the correlation between cognitive function and exposure to
digital devices in children aged 3 to 9 years at 2 schools in
Cambodia. The study focused on the following urban and rural
regions in Cambodia to consider the effects of various conditions
such as average literacy rates, wealth and income distribution,
and educational environments: Sisophon in Banteay Meanchey
(rural population: 24%-73%) and Sangkat Chaom Chaov in
Phnom Penh (rural population: 6%-40%). Sisophon has a
relatively small share of the nationally estimated high-wealth
quintile (22.9%) and a lower average of schooling years than
Sangkat Chaom Chaov (high-wealth quintile: 84.4%). The
schools selected were Xavier Jesuit School (rural) and Mirero
School (urban). Xavier Jesuit School has both kindergarten and
elementary classes. In total, 4 classes—2 kindergarten classes,
1 first grade class, and 1 second grade class—were selected. As
Mirero School has only elementary classes, we selected 2 classes
each from the first and second grades.

Participant Enrollment
To target children eligible for the cross-sectional study, we
selected regions and schools with the advice of the Korea
International Cooperation Agency Cambodia Office, which
employs experts who are aware of the overall living
environment, including education, in Cambodia. After the
selection of areas and schools, classrooms and grades of age
that met the inclusion criteria were selected.
Study participants were enrolled from 2 elementary schools in
Cambodia’s 2 regions: rural and urban. The inclusion criteria
for children were as follows: (1) male and female students aged
3 to 9 years, (2) no environmental change in their home or
school during the study, and (3) children who provided consent
from their legal guardian or themselves. Students were excluded
from the test if they could not use the study’s digital device
because of physical conditions or when legal guardians did not
J Med Internet Res 2022 | vol. 24 | iss. 8 | e31206 | p.9
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provide consent for the test. Figure 1 shows details of the
participant selection flow.
The participants were divided into 2 groups based on their
responses to the questionnaire about digital device experience:
group A comprised children with digital device experience, and
group B comprised those without digital device experience. The
participants in group A were subsequently divided into 4
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subgroups according to the duration (in minutes) of digital
device use: group A-1: <30 minutes per day, group A-2: 30 to
60 minutes per day, group A-3: 60 to 90 minutes per day, and
group A-4: >90 minutes per day. Of the 232 participants, 162
(69.8%) were in group A, with 95 (58.6%) in group A-1, 47
(29%) in group A-2, 10 (6.2%) in group A-3, and 10 (6.2%) in
group A-4, whereas group B had 70 (30.2%) participants.

Figure 1. Participant selection flow.

Ethics Approval
All participants provided written informed consent before
enrollment in the study. Consent was granted by their guardians
after the study was explained in writing. Ethical clearance was
obtained from the Ministry of Health’s National Ethics
Committee for Health Research in Cambodia (212).

Data Collection
We gathered data on demographic and socioeconomic
characteristics through surveys and data on cognitive function
using the Cambridge Neuropsychological Test Automated
Battery (CANTAB) test. The survey targeted the basic
socioeconomic characteristics and demographics of the
participants and their guardians from April 22, 2019, to May 4,
2019. Most of the guardians were either the parents or
grandparents. At both schools, the survey was delivered to the
https://www.jmir.org/2022/8/e31206
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guardians living with the participant. The response rate was
82.9%. Most (335/404, 82.9%) of the participants returned the
completed form to the school. In cases where the guardians
could not read, schoolteachers assisted them in completing the
survey at school. The questionnaire had 2 parts. The first elicited
demographic information about the children, such as sex, age,
and siblings, as well as digital device exposure and use. The
second collected information about the family’s socioeconomic
status, including residential conditions, guardians’ occupation
and education level, household income, and educational
expenditure (Multimedia Appendix 1). The participants’
cognitive function, depending on their experience with digital
devices, was evaluated through the CANTAB test using a tablet
device. The CANTAB test includes highly sensitive, precise,
and objective measures of cognitive function correlated with
neural networks [25]. It includes tests that evaluate 4 cognitive
areas: attention and psychomotor speed, executive function,
J Med Internet Res 2022 | vol. 24 | iss. 8 | e31206 | p.10
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memory, and social and emotional cognition. The participants
were asked to perform 5 tests: motor screening task, reaction
time, spatial working memory (SWM), pattern recognition
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memory, and spatial span. We collected 53 test result variables,
including 11 key variables, for measuring the outcome of each
test (Table 1 and Multimedia Appendix 2).

Table 1. Summary of the Cambridge Neuropsychological Test Automated Battery tests.
Cognitive function and text

Description

Key variable

Attention and psychomotor speed
Motor screening

To evaluate response speed and pointing accuracy (select- Mean latency from stimulus (MOTMLa)
ing the cross), participants are asked to select the cross
that appears on the screen as quickly and accurately as
possible [26]

Reaction time

Assesses simple reaction time and movement during
simple and 5-choice reaction time trials

Median 5-choice reaction time (RTIFMDRTb); median

Test to find individual hidden tokens without returning
to a box where one has previously been found [27]

Total between errors (SWMBE468d); between errors
(4, 6, and 8 boxes; SWMBE 4,6, and 8, respectively);

5-choice movement time (RTIFMDMTc)

Executive function
Spatial working memory

strategy score (SWMSe)
Memory
Pattern recognition memory

Spatial span

a

A 2-choice test of abstract visual pattern recognition
memory [28]

Percent correct immediate (PRMPCIf); percent correct

Test to recall the order in which a series of boxes was
highlighted [28]

Longest successful sequence (SSPFSLh)

delayed (PRMPCDg)

MOTML: motor screening task mean latency.

b

RTIFMDRT: reaction time median 5-choice reaction time.

c

RTIFMDMT: reaction time median 5-choice movement time.

d

SWMBE468: spatial working memory between errors (4, 6, and 8 boxes).

e

SWMS: spatial working memory strategy.

f

PRMPCI: pattern recognition memory percent correct immediate.

g

PRMPCD: pattern recognition memory percent correct delayed.

h

SSPFSL: spatial span forward span length.

Statistical Analysis
To compare the demographic differences between groups A
and B, a chi-square test was performed on categorical variables
such as sex, and a Mann-Whitney U test was performed on
continuous variables such as age. To compare the differences
in cognitive function between the 2 groups, normality was tested
for the variables using the Shapiro-Wilk test. Variables
satisfying normality were examined using a 2-tailed t test, and
those that did not satisfy normality were compared between the
groups using the Mann-Whitney U test. For each comparison,
the effect size was calculated for the 2 groups according to
digital device exposure and for the 4 subgroups according to
digital device use time, and the results of the normality test were
compared for possible type 1 statistical errors. In comparing
the 2 main groups, Cohen d was calculated for the t tests, and
r was calculated using the Mann-Whitney U test. To compare
the effect size among the 4 subgroups, eta squared (η2) was
calculated for ANOVA, and epsilon squared ( 2) was used for
the Kruskal-Wallis test. The threshold of statistical significance
was set at P<.05, and an effect size greater than the small size,
depending on its type (Cohen d≈±0.20: small, r≈±0.10: small,
η2≈0.01: small, and 2≈0.01: small), was considered significant
for 2-tailed t tests. To confirm the association among
https://www.jmir.org/2022/8/e31206
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demographic and socioeconomic characteristics, digital device
familiarity, and cognitive function in children, univariate
regression analysis was performed for 3 cognitive domains and
11 variables flowing from the CANTAB test. In the multivariate
linear regression analysis, only variables that were statistically
significant (P<.05) through univariate regression analysis were
selected, and their effect on the cognitive function variable was
evaluated with and without adjusting for age and sex. All
statistical analyses were conducted using R (version 3.6.3; R
Foundation for Statistical Computing) and Python (version 3.7;
Python Software Foundation).

Results
Participant Flow
A total of 335 children participated in this study. Of these 335
children, 4 (1.2%) who did not answer the questions about
digital device exposure and 6 (1.8%) who answered
inconsistently (eg, talking about the purpose of the device, not
the experience) were excluded from the data analysis; in
addition, 13 (3.9%) children with duplicated test results and 80
(23.9%) without values for the key variables of each test were
excluded. Ultimately, of the 335 children, 232 (69.3%) were
included in the data analysis (Figure 1).
J Med Internet Res 2022 | vol. 24 | iss. 8 | e31206 | p.11
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Overall Population
Of the 232 children, 162 (69.8%) were in group A, and 70
(30.2%) were in group B. The 162 students in group A
comprised 110 (67.9%) Xavier Jesuit School students and 52
(32.1%) Mirero School students, a significant difference (P<.05).
No significant difference between the groups was observed in
terms of sex: in group A, 59.3% (96/162) of the participants
were male students, whereas in group B, 56% (39/70) were male
students (P=.72). The mean ages of the participants in group A
and group B were 7.3 (SD 1.5) years and 7.6 (SD 1.3) years,
respectively, without significant differences (P=.15). The

Kim et al
proportion of participants with monthly family income of <US
$150 was higher in group B (38/70, 54% vs 53/162, 32.7% in
group A), with significant differences (P=.004). The proportion
of participants with monthly family income of >US $350 was
higher in group A (25/162, 15.4% vs 4/70, 6% in group B). The
proportion of students whose mothers had secondary education
and above was far higher in group A (73/162, 45.1% vs 17/70,
24% in group B), with significant differences (P=.01). The
proportion of families who spent >US $30 per month on
education per child was also higher in group A (24/162, 14.8%
vs 4/70, 6% in group B), without overall differences between
the 2 groups (P=.07; Table 2).

Table 2. Comparison of participants’ demographic and socioeconomic characteristics according to digital device exposurea.
Variable

Group Ab, n=162

Group Bc, n=70

Total, N=232

School, n (%)

<.001

Xavier Jesuit (rural)

110 (67.9)

31 (44.3)

141 (60.8)

Mirero (urban)

52 (32.1)

39 (55.7)

91 (39.2)

Sex, n (%)

.72

Female

66 (40.7)

31 (44.3)

97 (41.8)

Male

96 (59.3)

39 (55.7)

135 (58.2)

7.3 (1.5)

7.6 (1.3)

7.4 (1.4)

Age (years), mean (SD)
Family type, n (%)

.15
.005

Other

11 (6.8)

4 (5.7)

15 (6.5)

Only father

3 (1.9)

4 (5.7)

7 (3)

Only mother

13 (8)

12 (17.1)

25 (10.8)

Parents and grandparents living together

14 (8.6)

11 (15.7)

25 (10.8)

Parents living together

121 (74.7)

37 (52.9)

158 (68.1)

No response

0 (0)

2 (2.9)

2 (0.9)

Family monthly income (US $), n (%)

.004

<150

53 (32.7)

8 (54.3)

91 (39.2)

150 to 250

47 (29)

21 (30)

68 (29.3)

250 to 350

37 (22.8)

6 (8.6)

43 (18.5)

350 to 450

10 (6.2)

1 (1.4)

11 (4.7)

>450

15 (9.3)

3 (4.3)

18 (7.8)

Education expense per child per month (US $), n (%)

a

P value

.07

15

53 (32.7)

38 (54.3)

91 (39.2)

15 to 30

87 (53.7)

36 (51.4)

123 (53)

>30

24 (14.8)

4 (5.7)

28 (12.1)

No response

0 (0)

1 (1.4)

1 (0.4)

Full table has been presented in Multimedia Appendix 2.

b

Digital device exposure group.

c

Digital device nonexposure group.

Digital Device Exposure
When comparing the results of the CANTAB test between the
2 groups, the SWM between errors (4 boxes; SWMBE4)
variable of group A had a median of 2.0 (IQR 1.0-3.0), whereas
that of group B had a median of 2.0 (2.0-3.0); there were
https://www.jmir.org/2022/8/e31206
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significant differences (P=.01). However, the effect size was
small (P=.02). The SWM strategy (SWMS) variable of group
A had a median of 12.0 (IQR 10.0-58.3), whereas that of group
B had a median of 10.0 (IQR 9.0-12.0); there were significant
differences (P.002). The effect size was small (P=.04). There
were no significant differences between groups A and B for the
J Med Internet Res 2022 | vol. 24 | iss. 8 | e31206 | p.12
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other variables. The smaller values for the motor screening task
mean latency (MOTML) and reaction time median 5-choice
reaction time (RTIFMDRT) variables were positive, but the
median values of group A were 15.5 and 21.2 points higher,

respectively, than those in group B. Conversely, the reaction
time median 5-choice movement time variable for the exposure
group was 13.5 points lower, without a significant difference
in median values among the other variables (Table 3).

Table 3. Comparison of cognitive function according to digital device exposure.
Cognitive function and variable

Group Aa, n=162, median
(IQR)

Group Bb, n=70, median
(IQR)

Total, N=232, median
(IQR)

P value

Effect size (r)

Attention and psychomotor speed
MOTMLc (ms)d

781.1 (690.8-928.9)

765.6 (680.5-968.1)

776.1 (685.6-953.7)

.93

–0.004

RTIFMDRTe (ms)d

517.0 (462.0-578.0)

495.8 (460.0-551.0)

512.0 (461.0-566.0)

.29

0.001

RTIFMDMTf (ms)d

271.5 (232.0-325.5)

285.0 (238.5-342.5)

275.0 (235.0-330.5)

.11

0.007

PRMPCIg (%)

75.0 (58.3-91.7)

70.8 (50.0-83.3)

75.0 (50.0-91.7)

.52

–0.003

PRMPCDh (%)

66.7 (50.0-75.0)

58.3 (50.0-75.0)

66.7 (50.0-75.0)

.08

0.009

SSPFSLi (n)

4.0 (3.0-5.0)

4.0 (3.0-5.0)

4.0 (3.0-5.0)

.99

–0.004

SWMBE468j (n)d

24.0 (20.0-28.0)

25.0 (22.0-28.0)

24.0 (20.0-28.0)

.18

0.003

SWMBE4k (n)d

2.0 (1.0-3.0)

2.0 (2.0-3.0)

2.0 (1.0-3.0)

.01

0.023

SWMBE6l (n)d

7.0 (5.0-9.0)

7.0 (6.0-9.0)

7.0 (5.0-9.0)

.60

–0.003

SWMBE8m (n)d

14.5 (12.0-17.0)

15.0 (13.0-17.0)

15.0 (13.0-17.0)

.61

–0.003

SWMSn (n)d

12.0 (10.0-58.3)

10.0 (9.0-12.0)

11.0 (10.0-50.0)

.002

0.036

Memory

Executive function

a

Digital device exposure group.

b

Digital device nonexposure group.

c

MOTML: motor screening task mean latency.

d

Smaller values indicate more positive changes.

e

RTIFMDRT: reaction time median 5-choice reaction time.

f

RTIFMDMT: reaction time median 5-choice movement time.

g

PRMPCI: pattern recognition memory percent correct immediate.

h

PRMPCD: pattern recognition memory percent correct delayed.

i

SSPFSL: spatial span forward span length.

j

SWMBE468: spatial working memory between errors (4, 6, and 8 boxes).

k

SWMBE4: spatial working memory between errors (4 boxes).

l

SWMBE6: spatial working memory between errors (6 boxes).

m

SWMBE8: spatial working memory between errors (8 boxes).

n

SWMS: spatial working memory strategy.

Digital Device Use Time
When comparing the differences in cognitive levels based on
the duration of digital device use, the results showed no
significant differences among the 4 subgroups, with all effect
sizes being small. Although there were no significant
differences, the median values of the 2 variables measuring
attention and psychomotor speed in group A-4 were higher than
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those in group A-1. Regarding the visual memory variables,
there were no significant differences among the 4 subgroups,
and the distribution did not show a linear relationship. Regarding
the executive function test, as use time increased, the number
of errors decreased, leading to positive results. Regarding the
SWM test, the distributions of the 4 subgroups were not different
(Table 4).
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Table 4. Comparison of Cambridge Neuropsychological Test Automated Battery test results according to digital device use time.
Cognitive function and
variable

Digital device use time

P value

Effect
size (ε2)

Group A-1a, n=95, Group A-2b, n=47, Group A-3c, n=10, Group A-4d, n=10,
median (IQR)
median (IQR)
median (IQR)
median (IQR)

Total, N=162,
median (IQR)

Attention and psychomotor speed
MOTMLe (ms)

785.2 (699.3988.3)

760.5 (660.4866.8)

835.2 (641.9909.1)

864.5 (739.81065.9)

781.1 (690.8928.9)

.24

0.143

RTIFMDRTf (ms)

510.0 (453.0569.0)

519.5 (468.8560.2)

596.5 (478.0661.0)

530.5 (468.5-607.0)

517.0 (462.0578.0)

.48

0.070

RTIFMDMTg (ms) 278.0 (240.0333.2)

260.0 (225.2295.5)

270.5 (243.5324.0)

257.8 (191.0-418.0)

271.5 (232.0325.5)

.26

0.037

Memory
PRMPCIh (%)

66.7 (50.0-83.3)

83.3 (62.5-91.7)

83.3 (58.3-91.7)

75.0 (66.7-91.7)

75.0 (58.391.7)

.21

0.023

PRMPCDi (%)

66.7 (50.0-75.0)

66.7 (54.2-75.0)

70.8 (58.3-75.0)

70.8 (58.3-83.3)

66.7 (50.075.0)

.35

0.033

SSPFSLj (n)

4.0 (3.0- 5.0)

4.0 (3.0- 5.0)

3.5 (3.0- 4.0)

4.0 (4.0- 5.0)

4.0 (3.0- 5.0)

.64

–0.002

SWMBE468k (n)

24.0 (20.0-28.0)

24.0 (20.0-28.0)

24.5 (21.0-33.0)

21.0 (19.0-28.0)

24.0 (20.028.0)

.70

0.000

SWMBE4l (n)

2.0 (0.5- 3.0)

2.0 (1.0- 2.0)

2.0 (1.0- 4.0)

1.5 (1.0- 4.0)

2.0 (1.0- 3.0)

.87

0.020

SWMBE6m (n)

7.0 (5.0-10.0)

7.0 (5.0- 9.0)

8.0 (6.0-10.0)

6.0 (4.0-10.0)

7.0 (5.0- 9.0)

.66

–0.006

SWMBE8n (n)

15.0 (13.0-17.0)

14.0 (12.5-17.5)

15.5 (12.0-19.0)

13.5 (12.0-15.0)

14.5 (12.017.0)

.64

–0.004

SWMSo (n)

9.0 (8.5-10.0)

10.0 (9.0-11.0)

9.0 (8.0-11.0)

10.0 (9.0-11.0)

10.0 (9.011.0)

.07

0.176

Executive function

a

Digital device use time <30 minutes per day.

b

Digital device use time 30 to 60 minutes per day.

c

Digital device use time 60 to 90 minutes per day.

d

Digital device use time >90 minutes per day.

e

MOTML: motor screening task mean latency.

f

RTIFMDRT: reaction time median 5-choice reaction time.

g

RTIFMDMT: reaction time median 5-choice movement time.

h

PRMPCI: pattern recognition memory percent correct immediate.

i

PRMPCD: pattern recognition memory percent correct delayed.

j

SSPFSL: spatial span forward span length.

k

SWMBE468: spatial working memory between errors (4, 6, and 8 boxes).

l

SWMBE4: spatial working memory between errors (4 boxes).

m

SWMBE6: spatial working memory between errors (6 boxes).

n

SWMBE8: spatial working memory between errors (8 boxes).

o

SWMS: spatial working memory strategy.

Cognitive Function and Socioeconomic Status
All results of univariate linear regression analysis to determine
the relationship between demographic characteristics and
socioeconomic status and CANTAB test score have been
presented in Multimedia Appendix 2.
The measures showed that the 3 variables MOTML,
RTIFMDMT, and RTIFMDRT from the Attention and
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psychomotor speed cognitive function were significantly
associated with Age (all P<.001), School (all P<.001), and
Education expense per child (all P<.001) in the univariate model
and multivariate model 1. However, in multivariate model 2,
adjusted for age and sex, MOTML was significantly associated
with School, and RTIFMDRT was significantly associated with
Family type (Table 5).
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Table 5. Univariate and multivariate regression models for relationship between cognitive function and survey variables.
Cognitive
Survey variable
function and
variable

Univariate model

Multivariate model 1

Multivariate model 2a

Coefficients

P value

Coefficients

P value

Coefficients

P value

–69.718c

<.001

–42.027

.001

–42.851

<.001

Attention and psychomotor speed
MOTMLb
Age (years)

Education expense per child per month (US $; vs less than US $15)
15 to 30

131.021

<.001

–59.960

.08

–36.11

.29

>30

–5.502

.91

43.200

.08

32.85

.18

185.077

<.001

157.79

<.001

88.74

.01

–16.631

<.001

–11.968

.003

–11.654

.004

School (vs Mirero)
RTIFMDMTd
Age (years)

Education expense per child per month (US $; vs less than US $15)
15 to 30

41.118

<.001

–20.140

.07

–14.577

.19

>30

5.143

.72

17.669

.03

15.32

.05

33.564

<.001

24.352

.01

7.923

.49

–40.904

<.001

–40.238

<.001

–40.142

<.001

School (vs Mirero)
RTIFMDRTe
Age

Education expense per child per month (US $; vs less than US $15)
15 to 30

61.556

<.001

–20.140

.07

–14.577

.19

>30

4.296

.83

17.669

.03

15.32

.05

Only father

–46.919

.29

–50.240

.23

–27.001

.46

Only mother

–77.933

.01

–64.930

.03

–41.667

.11

Parents and grandparents living –62.333
together

.049

–74.410

.01

–45.816

.08

Parents living together

–64.801

.01

–61.050

.01

–43.347

.04

68.184

<.001

69.650

<.001

1.669

.90

4.267

<.001

4.263

<.001

4.326

<.001

Only father

16.587

.08

16.911

.07

14.835

.11

Only mother

11.778

.09

10.505

.12

8.324

.21

Parents and grandparents living 11.111
together

.10

12.293

.07

10.379

.12

Parents living together

15.246

.01

15.054

.01

13.540

.01

–6.705

.02

–6.817

.02

0.521

.88

3.535

<.001

3.297

<.001

3.297

<.001

.01

3.686

.17

Family type (vs Other)

School (vs Mirero)
Memory
PRMPCIf
Age (years)
Family type (vs other)

School (vs Mirero)
PRMPCDg
Age (years)

Education expense per child per month (US $; vs less than US $15)
15 to 30
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–5.389

.03

6.632

J Med Internet Res 2022 | vol. 24 | iss. 8 | e31206 | p.15
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Cognitive
Survey variable
function and
variable
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Univariate model

Multivariate model 1

Multivariate model 2a

Coefficients

P value

Coefficients

P value

Coefficients

P value

3.122

.39

–1.203

.56

–0.408

.84

Family income per month (US $; vs less than US $150)
150 to 250

2.497

.37

1.811

.52

1.221

.66

250 to 350

5.715

.07

6.012

.06

5.846

.06

350 to 450

–5.824

.29

–7.054

.19

–5.608

.29

>450

10.000

.03

10.095

.02

11.375

.008

0.226

<.001

0.226

<.001

0.225

<.001

SSPFSLh
Age (years)
Executive function
SWMBE468i
Education expense per child per month (US $; vs less than US $15)
15 to 30

–0.606

.46

–1.438

.11

–1.069

.25

>30

–2.628

.03

–1.276

.06

–1.397

.04

Sex (vs male)

1.509

.048

–1.582

.04

–1.570

.04

–0.473

.02

–0.389

.06

–0.390

.06

SWMBE4j
Digital device exposure (vs nonexposure group)

Education expense per child per month (US $; vs less than US $15)
15 to 30

–0.504

.01

0.096

.67

0.119

.60

>30

–0.286

.33

–0.262

.01

–0.272

.09

–0.574

.002

–0.412

.04

–0.480

.04

Age (years)

–0.372

.047

–0.379

.04

–0.379

.04

Sex (vs male)

1.124

.04

–1.141

.03

–1.141

.03

Age (years)

–5.086

<.001

2.496

.046

2.540

.04

Digital device exposure (vs nonexposure group)

13.423

<.001

7.336

.03

7.190

.04

School (vs Mirero)
SWMBE8k

l

SWMS

Family income per month (US $; vs less than US $150)
150 to 250

–9.464

.03

–1.301

.72

–1.105

.76

250 to 350

–1.479

.76

–4.089

.32

–4.101

.31

350 to 450

–6.306

.46

–7.818

.26

–7.365

.29

>450

–1.204

.86

–14.057

.01

–14.628

.009

Only father

0.331

.98

0.551

.96

–0.869

.93

Only mother

–17.289

.047

–10.895

.12

–12.283

.08

Parents and grandparents living –4.302
together

.62

–9.254

.20

–10.276

.16

Parents living together

.27

–6.319

.28

–7.223

.22

Family type (vs other)
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Survey variable
function and
variable

School (vs Mirero)
a
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Univariate model

Multivariate model 1

Multivariate model 2a

Coefficients

P value

Coefficients

P value

Coefficients

P value

32.062

<.001

32.221

<.001

37.065

<.001

Adjusted for age and sex.

b

MOTML: motor screening task mean latency.

c

Statistically significant data are shown in italics.

d

RTIFMDMT: reaction time median 5-choice movement time.

e

RTIFMDRT: reaction time median 5-choice reaction time.

f

PRMPCI: pattern recognition memory percent correct immediate.

g

PRMPCD: pattern recognition memory percent correct delayed.

h

SSPFSL: spatial span forward span length.

i

SWMBE468: spatial working memory between errors (4, 6, and 8 boxes).

j

SWMBE4: spatial working memory between errors (4 boxes).

k

SWMBE8: spatial working memory between errors (8 boxes).

l

SWMS: spatial working memory strategy.

The 3 Memory cognitive function variables pattern recognition
memory percent correct immediate, pattern recognition memory
percent correct delayed, and spatial span forward span length
were associated with Age, Education expense per child, Family
income, Family type, and School. In the univariate model and
multivariate model 1, pattern recognition memory percent
correct immediate was significantly associated with Age (all
P<.001), Family type (all P=.07), and School (all P<.05).
However, in multivariate model 2, it was significantly related
only to Age (P<.001) and Family type (P=.01). In the univariate
model and multivariate model 1, pattern recognition memory
percent correct delayed was significantly related to Age (all
P<.001), Education expense per child (all P<.05), and Family
income (all P<.05). However, in multivariate model 2, it was
significantly associated only with Age (P<.001) and Family
income (all P=.08). In all 3 regression models, spatial span
forward span length was strongly related to Age (P<.001; Table
5).

Discussion

The variables SWM between errors (4, 6, and 8 boxes),
SWMBE4, SWM between errors (8 boxes), and SWMS
corresponding to Executive function were related to Age, Digital
device exposure, Education expense per child, Family income
per month, Family type, Sex, and School. In the univariate
model, SWM between errors (4, 6, and 8 boxes) was
significantly related to Education expense per child (P=.03)
and Sex (P=.05). However, in multivariate model 1, it was not
associated with any variable. SWMBE4 was significantly
associated with School (all P<.05) in the 3 regression models.
Both Age (all P<.05) and Sex (all P<.05) had a significant
association in the 3 regression analyses of SWM between errors
(8 boxes). The SWMS variable showed a significant relationship
with the 3 variables Age (all P<.05), Digital device exposure
(all P<.05), and School (all P<.001) in all regression analyses
(Table 5).

Principal Findings

Comparison With Prior Work
Since 2015, when the 2030 Agenda for Sustainable Development
was adopted at the United Nations General Assembly, many
initiatives for the application of digital technologies to policies
and programs for development, particularly those associated
with SDGs 3 and 4, emerged in various countries, particularly
LMICs [5,29]. However, there is insufficient evidence on how
digital device use affects children’s cognitive improvement in
LMICs [8,30,31]. This study focused on urban and rural
Cambodian schools to provide a comprehensive perspective on
the adoption and use of digital devices among children. We
used a cross-sectional study to examine the cognitive level of
3 domains using the CANTAB, focusing on how exposure to
digital devices affects cognitive development in elementary
school–age children.

Our study found significant differences in demographic and
socioeconomic characteristics such as school location, family
type, and family income according to digital device exposure.
We found that children demonstrated neither superiority nor
inferiority in cognitive scores on the CANTAB in 3 cognitive
domains depending on digital device use. Given the lack of
empirical research on the impact of digital device exposure on
cognitive development, we offer two key findings that make a
significant contribution to policies and programs for the
application of digital devices to health care and education: (1)
there is no significant association between exposure to digital
devices and cognitive development; (2) however, socioeconomic
conditions such as school location, family income, family type,
and education expenditure are significantly related to cognitive
function [31].

Strengths and Limitations
Several policy implications can be drawn from this study’s
findings. The first is the importance of an enabling environment
that maximizes the impact of digital devices on cognitive
https://www.jmir.org/2022/8/e31206
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function and development. The evidence demonstrates that
socioeconomic factors significantly affect cognitive function
and development in infancy, including memory and enforcement
functions [24,27]. For example, US studies found that children
from higher socioeconomic backgrounds had higher
achievements in visuospatial, memory, and executive functions
than those from middle or low socioeconomic backgrounds.
Similarly, students from higher socioeconomic backgrounds in
Brazil were found to have better memory and executive function
results [24]. To what extent do socioeconomic conditions affect
children’s cognitive function and development in LMICs? The
findings of our study demonstrate that these conditions,
specifically education expenditure, enhanced cognitive function
and development to a greater extent than did children’s exposure
to digital devices. Comments such as “we have higher priorities
than laptops” expressed by many delegates to the 2005 World
Summit on the Information Society, during which the “One
Laptop Per Child” devices were introduced, were supported by
our findings. Proper investment in education is a much more
significant task than purchases of, and exposure to, digital
devices, particularly in LMICs.
The second implication concerns the design and setting of digital
devices. Many initiatives on the use of digital devices for
children’s cognitive function and development are based on a
theoretical framework called the “brain’s rearrangement
capacity,” which posits that children learn to associate what
they see, hear, and know with symbolic characters [31]. Thus,
we collected data indicating the symbolic characters that
children see and hear on digital devices (Multimedia Appendix
1). Most children with digital devices experience a desire to
play games and watch videos, such as those available on

Kim et al
YouTube. By playing games and watching videos, children may
not learn to associate what they see, hear, or know with symbolic
characters. Our finding on the insignificant impacts of exposure
to, or use of, digital devices on cognitive development suggests
that the design and setting of the devices that children are
exposed to should be effective enough to stimulate and
accelerate the “brain’s rearrangement capacity.” Giving children
access to digital devices with suitable designs and settings is
more important than ever amid a pandemic such as the
COVID-19 pandemic, during which almost all schools had
closed for long periods worldwide [28].
Our study had several limitations. First, the levels of children’s
cognitive function and development were measured only during
the survey; the long-term impact of digital device use on
cognitive function and development was not assessed. This is
a typical limitation of cross-sectional studies with a defined
time frame. A longitudinal panel study based on groups of
children with different socioeconomic backgrounds and levels
of exposure to digital devices is needed to measure the long-term
effects of digital devices on cognitive function and development.
Second, our study was conducted in 2 areas of Cambodia. We
focused on both rural and urban areas to examine the impact of
differences in socioeconomic levels. However, this did not cover
a sufficient area. Nevertheless, considering the lack of studies
on the impact of digital device exposure on children’s cognitive
function and development in LMICs, particularly those focusing
on both digital device exposure and socioeconomic conditions,
our study expands the understanding of the enabling
environment required for digital device–use initiatives aimed
at children’s cognitive function and development.
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Abstract
Background: New research fields to design social robots for older people are emerging. By providing support with communication
and social interaction, these robots aim to increase quality of life. Because of the decline in functioning due to cognitive impairment
in older people, social robots are regarded as promising, especially for people with dementia. Although study outcomes are
hopeful, the quality of studies on the effectiveness of social robots for the elderly is still low due to many methodological
limitations.
Objective: We aimed to review the methodologies used thus far in studies evaluating the feasibility, usability, efficacy, and
effectiveness of social robots in clinical and social settings for elderly people, including persons with dementia.
Methods: Dedicated search strings were developed. Searches in MEDLINE (PubMed), Web of Science, PsycInfo, and CINAHL
were performed on August 13, 2020.
Results: In the 33 included papers, 23 different social robots were investigated for their feasibility, usability, efficacy, and
effectiveness. A total of 8 (24.2%) studies included elderly persons in the community, 9 (27.3%) included long-term care facility
residents, and 16 (48.5%) included people with dementia. Most of the studies had a single aim, of which 7 (21.2%) focused on
efficacy and 7 (21.2%) focused on effectiveness. Moreover, forms of randomized controlled trials were the most applied designs.
Feasibility and usability were often studied together in mixed methods or experimental designs and were most often studied in
individual interventions. Feasibility was often assessed with the Unified Theory of the Acceptance and Use of Technology model.
Efficacy and effectiveness studies used a range of psychosocial and cognitive outcome measures. However, the included studies
failed to find significant improvements in quality of life, depression, and cognition.
Conclusions: This study identified several shortcomings in methodologies used to evaluate social robots, resulting in ambivalent
study findings. To improve the quality of these types of studies, efficacy/effectiveness studies will benefit from appropriate
randomized controlled trial designs with large sample sizes and individual intervention sessions. Experimental designs might
work best for feasibility and usability studies. For each of the 3 goals (efficacy/effectiveness, feasibility, and usability) we also
recommend a mixed method of data collection. Multiple interaction sessions running for at least 1 month might aid researchers
in drawing significant results and prove the real long-term impact of social robots.
(J Med Internet Res 2022;24(8):e37434) doi:10.2196/37434
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Introduction
In the next few decades, we expect the global population to age
due to a combination of high life expectancy, low birth rates,
and the baby boomer generation entering their senior years. By
2030, 33% of the population in Western Europe will be over
60 years of age [1]. Dementia is one of the most common
neurodegenerative diseases that affects 50 million older people
around the world, and it is projected to reach 155 million in
2050 [2].
Dementia is characterized by deterioration in memory, cognition,
behavior, and ability to perform everyday activities [3]. It is
estimated that approximately one-third of people with dementia
live alone [4]. They experience unmet needs because of living
alone and are at a higher risk of faster deterioration. In addition,
people with dementia who live alone are considered at a higher
risk of medication use problems, falls and injuries, inadequate
self-care, trouble with activities of daily living, and reduced
social networks [5-8].
In the past decades, technological advances coincided with the
great health challenge of aging societies [9]. New research fields
in assistive technology are dedicated to designing social robots
for older adults with or without cognitive impairment to promote
their quality of life (QoL) through communication and social
interactions [10]. Social robots are intended to provide and
facilitate social contact, psychosocial and cognitive stimulation,
and have the potential to support elderly people to maintain
their autonomy and independence and enhance their well-being
[11].
Socially assistive robots (SARs) can be grouped into 2 main
categories based on their feature and function: (1) service robots,
and (2) companion robots [12]. The main task of these robots
is to establish any form of interaction and communication. This
function can be performed by SARs in multiple manners, such
as through touch sensors, cameras, (robotic) body movements,
tablet interfaces, and sound and speech systems. Within the
subgroup of the companion robots, humanoid robots like Pepper
and Nao provide users with advanced applications that provide
leisure activities (music, photos, and games), cognitive and
physical stimulation activities, and assistance with mental or
physical tasks. Pet robots, such as PARO, AIBO, and NeCoro
as substitutes for pets and companion animals are intended to
provide emotional and physiological stimulation, have calming
effects, and lead to mood improvements [13].
For the successful implementation and large-scale uptake of
social robots or any other psychosocial intervention, their
feasibility, usability, and cost-effectiveness should be perceived
as good by the end users (people with dementia and healthy
older adults), clinicians, and other stakeholders (eg, health care
insurers and policy makers). The Monitoring and Evaluating
Digital Health Interventions framework recommends evaluating
4 factors to integrate and implement a digital health intervention:
(1) feasibility, to assesses whether the digital health system
works as intended in a given context; (2) usability, to assess
https://www.jmir.org/2022/8/e37434
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whether the digital health system can be used as intended by
users; (3) efficacy, to assess whether the digital health
intervention can achieve the intended results in a research
(controlled) setting, and (4) effectiveness, to assess whether the
digital health intervention can achieve the intended results in a
nonresearch (uncontrolled) setting [14].
Despite the rising interest in social robots after the COVID-19
pandemic, there is limited evidence on the effectiveness of social
robots in elderly care. The methodological quality of studies on
the effectiveness of social robots in elderly adults is still low,
and inappropriate study designs, samples, form, duration of
interventions, and data collection methods have affected the
strength of study outcomes [12].
Currently, there is no state-of-the-art proof of concept for study
designs to evaluate the use of social robots for elderly people.
Since the degenerative nature of dementia can cause
methodological challenges, specific attention should be paid to
studies that include people with dementia. To determine what
the appropriate research methods are to study feasibility,
usability, efficacy, and effectiveness, this article aims to review
the methodologies used thus far in studies with social robots in
clinical and social settings with elderly people to pave the way
for future researchers in this field.

Methods
Protocol Registration
The protocol of this scoping review was registered in Open
Science Framework (OSF) [15].

Search Strategy
Searches were conducted on August 13, 2020, in MEDLINE
(PubMed), Web of Science, PsycInfo, and CINAHL databases.
No time window was applied. Three search strings covering the
topics “social robots,” “community setting,” and “elderly
people” were constructed. For each database, reverent subject
headings were adapted. For MEDLINE, we used the following
strings and keywords: ((robotics[MeSH Terms] OR robot*))
AND ((humanoid OR companion OR social* OR “socially
assistive” OR interact* OR android)), (((((((aging[MeSH
Terms]) OR (aged[MeSH Terms])) OR (elderly[MeSH Terms]))
OR (vulnerable population[MeSH Terms])) OR (senior)) OR
(ageing)) OR (geriatric)) OR (old*), and (((((community health
service[MeSH Terms]) OR (social support[MeSH Terms])) OR
(residential facilities[MeSH Terms])) OR (independent
living[MeSH Terms])) OR (social support[MeSH Major Topic]))
OR (“community dwelling” OR “home dwelling” OR “care
home” OR “in-home” OR “at home” OR “home-based” OR
“home setting” OR “nursing home” OR home).

Selection Criteria
Publications potentially eligible for inclusion had to study a
social robot that was physically embedded in an experimental
or clinical study in people aged 65 or above. Studies were
excluded if they were (1) conducted in an acute care setting;
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37434 | p.22
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
(2) conference abstracts, case studies, dissertations, books, or
review papers; (3) published in a language other than English
or Spanish; (4) solely reporting a robot design, development
process, or theoretical models (5) stakeholder opinions on robots
without any interaction; (6) involved in the implementation of
new hardware or software or an assessment tool on a robot (such
as assessing a fall detection sensor); and (7) involving
telepresence robots with only video call features.

Selection Procedure
After the removal of duplicates, 2 reviewers (authors AM and
MM) independently applied the inclusion and exclusion criteria
in 3 steps, starting with screening titles, abstracts, and then full
texts. The selections were compared, and in case of
disagreement, discussed by the 2 reviewers. In cases where no
consensus could be reached, a third reviewer was consulted
(author HR).

Data Extraction
The literature was mapped according to the following areas of
interest: author and country, robot name, the aim of the robot,
aim of the study, type of outcome measure, study design, study
sample, study setting, methodology of data collection,
interaction scenario, relevant outcome measures, measurement
instruments, results, and reported limitations of the study.
Information was synthesized descriptively, and findings were
narratively summarized according to the areas of interest.
The quality of the included articles was appraised independently
by 2 authors (AM and MM), through the quality assessment of
digital health interventions within the Monitoring and Evaluating
Digital Health Interventions framework established by the World
Health Organization (WHO) [14]. The tool includes a list of
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methodological study criteria comprising (1) 23 essential criteria
for all types of studies and (2) essential criteria for qualitative
and quantitative studies (3 criteria each). The extent to which
criteria were met by studies was rated by 3 independent
researchers on a 3-point scale (0= poor, 1= fair, 2= good). We
calculated the percentage of agreement between the ratings
(Multimedia Appendix 1). We also applied this framework to
categorize the studies according to their aims in 4 categories:
(1) feasibility, (2) usability, (3) efficacy, and (4) effectiveness.

Results
General Findings
The search resulted in a total of 723 individual publications.
After the screening process, 33 articles met the selection criteria
(Figure 1). In 33 papers [11,16-45], 23 different social robots
were evaluated among elderly adults and people with dementia
in 13 different countries. Moreover, 19 studies specifically
evaluated either feasibility, usability, efficacy, or effectiveness
and were considered as single aim studies. The remaining studies
(n=14) had multiple aims, evaluating 2 or 3 of the
aforementioned study aims. Overall, feasibility was studied in
17 (51.5%) studies, usability in 13 (39.3%), effectiveness in 12
(36.3%), and efficacy in 10 (30.3%).
The quality appraisal identified that primary and secondary
outcomes were clearly defined in all studies. Additionally, the
methods of data collection were described well, but the
eligibility of the participants was not reported in 12 (36.4%)
papers. Moreover, 12 out of 33 (36.4%) papers did not present
a clear description of the study design. Multimedia Appendices
2 and 3 show a summary of the characteristics, methodologies,
and outcomes of the included studies.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37434 | p.23
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Mahmoudi Asl et al

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

Robots
Of the 23 different social robots, PARO (n=10, 30.3%), Nao
(n=5, 15.1%), AIBO (n=2, 6%), and Hobbit (n=4, 12.1%) were
the most often investigated.

Participants and Settings
Of the 33 identified studies, 16 (48.4%) focused on people with
dementia [11,18,23,24,27,29-35,38,39,43,44], 9 (27.3%) were
performed in samples of residents of long-term care facilities
whose
cognitive
status
was
not
mentioned
[17,20,22,26,28,36,40,41,45], and the remaining 8 (24.2%)
focused on elderly people living in the community whose
cognitive status was also not clearly revealed
[16,19,22,25,37,42,46,47]. Moreover, 4 (12.1%) studies
additionally recruited care staff [22,24,26,38]. The age range
of older adults was 65-98 years. Of the included studies, 3
(9.1%) did not report the number of participants [17,20,26].
The sample sizes used in the studies ranged from 5 to 139.
https://www.jmir.org/2022/8/e37434
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The social robots were studied in long-term facilities (n=17,
51.5%), private households (n=8, 24.2%), and laboratory settings
(n=4, 12.1%). Additional settings were based in a care
organization (n=1, 3%), a daycare center for dementia (n=1,
3%), and a health service facility (n=1, 3%). Four (12.1%)
studies investigated the robots in 2 different settings
[22,33,43,46].

Study Aims, Designs, and Outcome Measures
Single Aim Studies
Of the included studies, 3 (9.1%) focused solely on feasibility,
using quasi-experimental designs [22,27,46], and 1 (3%)
explicitly focused on usability in a private home setting [37].
Additionally, 7 (21.2%) studies aimed at studying efficacy
[31-35,38,44], of which 2 (28.5%) applied a form of randomized
controlled trial (RCT) design, 1 (14.3%) randomized crossover
design, 1 (14.3%) pretest-posttest design, and the other 3
(42.8%) a form of quasi-experimental design. The effectiveness
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37434 | p.24
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
of the robots was explicitly studied in 8 (24.2%) articles
[17,20,24,36,40,41,43,45] using randomized designs, with 1
(12.5%) RCT, 2 (25%) blocked RCTs, 2 (25%)
quasi-experimental designs, 1 (12.5%) pretest-posttest design,
1 (12.5%) cross-sectional, and 1 (12.5%) qualitative study. The
impact of robots was evaluated on QoL (n=6, 18.2%), mood
and depression (n=6, 18.2%), behavioral (n=6, 18.2%) and
neuropsychiatric symptoms (n=2, 6.1%), emotions and affect
(n=5, 15.2%), cognition (n=4, 12,1%), engagement (n=8,
24.2%), participation and social interaction (n=8, 24.2%), care
burden (n=1, 3%), loneliness (n=1, 3%), and physiological
indicators (n=3, 9.1%). The sample size for the 22 studies with
effectiveness/efficacy aims ranged from 11 to 139 participants,
and 7 (31.8%) of these studies included samples of over 40
participants.

Multiple Aim Studies
A total of 14 (42.4%) studies had multiple aims. Of these, 7
(50%)
focused
on
feasibility
and
usability
[11,16,19,22,25,28,44], of which 3 (42.9%) applied a mixed
methods design, and the remaining 4 (57.1%) applied either an
experimental design or a field trial. Meanwhile, 3 (9.1%)
focused on feasibility, usability, and effectiveness, and all
applied a mixed methods design [26,29,39]. Additionally, 1
(3%) study investigated feasibility and efficacy and applied an
experimental design [30], 1 (3%) focused on feasibility,
usability, and efficacy using a pretest-posttest design [18], and
1 (3%) assessed the feasibility and effectiveness of the robot,
applying a nonrandomized controlled trial design [22].

Study Aims and Settings
Only 5 (27.8%) of the 18 studies aiming to evaluate feasibility
and/or usability were performed in nursing home settings; 5
(27.8%) were performed in laboratory settings, and the
remaining 8 (44.4%) were performed in private households. In
7 (38.9%) of the 18 studies, people with dementia and those
with cognitive impairment were included. In the remaining 11
(61.1%) studies, the cognitive status of the participants was not
clearly indicated.
Of the 22 (66.7%) studies that focused on efficacy or
effectiveness, all but 4 (81.8%) [29,33,39,47] were performed
in long-term care settings. These 4 (18.2%) were performed in
private households and a daycare facility. Of these studies, 13
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(59.1%) included cognitively impaired samples, only 1 (4.5%)
study included community-dwelling elderly persons without
disclosing their cognitive status, and the remaining 8 (36.4%)
included long-term care residents.

Study Interventions
Interaction between study participants and social robots was
mostly investigated during individual sessions (n=18, 54.5%).
In 12 (36.4%) studies, interactions were studied in group
sessions. Only 3 (9.1%) studies applied both individual and
group interactions [11,20,33], while 1 (3%) demonstrated the
task performance of the robot without any close interaction with
study participants [19]. Feasibility and/or usability (n=11,
33.3%) were mostly studied in individual settings (n = 8,
72.7%); 1 (9.1%) study was performed in a group, and 1 (9.1%)
was applied to both individual and group settings. Individual
(n=7, 21.2%) and group settings (n=6, 18.2%) were used most
often to study efficacy and effectiveness (n=15, 45.5%); 2
(6.1%) studies applied the intervention individually and in a
group. In studies with multiple aims, 4 (28.6%) individual and
2 (14.3%) group setting interventions were found. In 2 (6.1%)
studies, social robots were available in the residents’ lounge in
nursing homes, and participants were free to interact with the
social robots during scheduled time slots [22,45]. In 8 (24.2%)
studies, the robots were installed in participants’ private homes
for a duration of 5 days to 3 months [16,27,29,33,37,39,44,47].
A total of 9 (27.3%) studies executed 1 or 2 interactive sessions
[11,19,22-24,28,30,32,34], of which 6 (66.7%) investigated the
usability and feasibility of the robot, 1 (11.1%) investigated
effectiveness, and 2 (22.2%) investigated efficacy. Most of the
studies conducted more than 2 interactive sessions: 5 (15.2%)
studied feasibility and/or usability, 12 (36.4%) studied efficacy
or effectiveness, and 8 (24.2%) were multiple aim studies. The
interactive sessions ran from 10 to 90 minutes a day for a
maximum of 4 months.

Data Collection
We identified 4 methods of data collection: (1) questionnaires
(n=26, 78.8%), (2) observations (physical and videotape) (n=19,
57.6%), (3) interviews (n=13, 39.4%), and physiological
measurements (n=3, 9.1%). Figures 2 and 3 show the data
collection methods and the responsible administrator of data
for the identified data collection methods, respectively.

Figure 2. Used methods of data collection for single and multiple aim studies.
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Figure 3. Responsible administrator of data for identified methods of data collection.

Measurement Instruments

agency [21,47] and perceived enjoyment [46] were found to
decrease over time.

Outcomes regarding feasibility were assessed with the Unified
Theory of the Acceptance and Use of Technology (UTAUT)
model adapted by Heerink [11,19,23,29,30,46,48], the Robot
User Acceptance Scale, the Robot Attitude Scale, the Mind
Perception Scale [21,47], and the Negative Attitudes Toward
Robots Scale [16,37]. Of the included studies, 5 (15.2%) utilized
questionnaires regarding robot functions and acceptance that
were specifically developed for the study [19,22,23,25,46].

The reported usability (n=12, 36.4%) was overall positive,
except in 2 (16.7%) studies in which the usability was negatively
affected by technical issues or lack of robustness of the robots
[28,37]. Only 3 (9.1%) studies assessed affordability for Hobbit
and Nao, in which the participants did not consider the social
robots affordable and were skeptical of buying them [25,28,37].

Studies exploring usability applied the System Usability Scale
[22,25,28], a modification of the Usefulness, Satisfaction, and
Ease of Use [26] scale, and the Technology Usage Inventory
[39]. Two (6.1%) qualitative studies performed conversation
and video analysis [27,28] to extract statements on acceptability
and usability.
Efficacy and effectiveness outcomes were evaluated by a wide
range of neuropsychosocial measurement instruments: (1) mood:
Geriatric Depression Screening [49], the Cornell Scale For
Depression in Dementia [50], Apparent Emotion Rating
Instrument [51], University of California, Los Angeles (UCLA)
Loneliness Scale [52], Observed Emotion Rating Scale [53];
(2) cognition: Montreal Cognitive Assessment [54], Mini-Mental
State Examination [55]; (3) QoL: QoL Alzheimer Disease,
Dementia QoL Questionnaire [56], QoL in Late-Stage Dementia
[57]; (4) behavior: Neuropsychiatric Inventory [58],
Gottfries-Bråne-Steen Scale [59], Apathy Evaluation Scale [60],
Cohen-Mansfield Agitation Inventory [61], Apathy Inventory
[62], Apathy Scale for Institutionalized People With Dementia
Nursing Home Version [63]; (5) Participation and Interaction:
Activity Participation Scale [40], and Assessments of
Communication and Interaction Skills [64].
Among the studies applying questionnaires, 5 (19.2%) indirectly
collected data via care staff and informal caregivers, and 13
(50%) directly collected data via the researchers.

Study Outcomes
Concerning social robots’ feasibility outcomes, almost all studies
(n=16, 94.1%) deemed social robots acceptable. Nevertheless,
1 (5.9%) study reported mixed results on acceptability by care
staff [22], and 1 (5.9%) did not find any significant results on
quantitative measurements for acceptability, but qualitative
results were positive [16]. In 3 (17.6%) studies, the perceived
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Most of the findings endorse the use of social robots by older
adults. Improvements were mostly found in emotion and mood
[20,31,33-35,38,44], engagement [24,29,30], and participation
and social interaction [20,31-33,40,45]. Increased job
satisfaction of staff [22], self-report pain reduction [38], and
improved global psychiatric symptoms [43] were the other
positive study outcomes. There were findings of reduced
challenging behavior [20,31,34], sense of loneliness [17], and
stress levels [45]. However, dementia symptoms like agitation
and other problematic symptoms did not improve in 1 (3%)
study [33].
Meanwhile, 4 (12.1%) studies did not find a significant impact
on QoL [19,21,43,47]. Only 1 (3%) study found a
moderate-to-large positive effect on QoL of people with
dementia [35]. Social robot interventions also failed to
significantly improve depression [18,21,43,47], perceived social
support [18], medication adherence [47], and cognition [24].
There were mixed results regarding physiological measures,
such as urine tests measuring stress levels and blood pressure
[33,45]. No author declared a proven negative effect of social
robots on older adults.

Reported Study Limitations
Of the 33 studies, 7 (21.2%) did not report any study limitations
[16,17,23,25,30,42,46]. A wide range of limitations was
reported, and the most common barrier considered in 17 (51.5%)
studies was the small sample size, which was mostly reported
for efficacy and effectiveness studies. In the feasibility and/or
usability studies, the limitations were mainly attributed to
technical problems or interaction difficulties. The use of
unvalidated questionnaires, homogeneity in the sex of the study
sample, inadequate observation, and short duration of
interventions were reported as other limitations in general.
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Quality Appraisal
The inter-rater agreement for the quality appraisal was 86.1%.
Reports of the description of study design, bias, and enrollment
procedure were mostly rated as “fair.” In most of the articles,
the sampling methods, confounding factors, missing data in
quantitative studies, and reflexivity of data interpretation in
qualitative studies were poorly reported. Other criteria were
mostly rated as “good” (Multimedia Appendix 1). The quality
appraisal revealed unclear descriptions or insufficient details in
5 (15.2%) studies, especially those in disciplines other than
health research [25,30,42,44,45].

Discussion
Principal Findings
The results of this scoping review revealed a variety of applied
study methods in studies with social robots concerning study
design, sample size, study setting, method of data collection,
interaction scenario (the sequence, duration, and setting of the
intervention), outcome measures, measurement instruments,
study results, and reported limitations. Feasibility and usability
were mainly studied on preprototype social robots in laboratory
settings. Considering the relatively short history of the use of
social robots in psychosocial interventions, it is crucial to
determine the main features and functions of the robots to be
considered in the design and development phase. Hence,
usability, feasibility, and implementation should be strategic
research aims. Fully developed robots such as PARO were
evaluated in terms of effectiveness in real-world settings. Most
of the identified studies aimed to determine the
neuropsychosocial impact of social robots on older adults.
For the studies that explicitly fall within a feasibility and/or
usability evaluation, researchers applied experimental, mixed
method, and field trial designs, mostly applied outside nursing
home care settings. This might imply that feasibility and/or
usability for persons that are more severely cognitively impaired
are currently understudied. Most of the studies verified the
acceptability and usability of the robots within single or multiple
interactive sessions in individual or group settings, and all these
studies reported positive outcomes in varying degrees on the
feasibility and/or usability of the social robots. The quantitative
and qualitative data were collected mostly through
questionnaires and interviews and a few by direct observation.
Regarding this point, researchers should consider using the
direct observational methodology to capture main factors of the
interaction and emotional relationships fostered by robot use.
Within the questionnaires and interview questions based on the
UTAUT model, some concepts such as trust, anxiety, perceived
enjoyment, and social support can change over time [37,46,47].
Therefore, longer use of the robots might reveal these changes
and reduce the novelty effect over time [46].
Overall, efficacy and effectiveness studies were conducted on
study populations either with cognitive impairment or residing
in long-term care facilities. The studies with significant results
[17,24,29-31,34-36,45] mostly employed experimental designs
including RCTs and quasi-experimental designs with larger
sample sizes and longer intervention periods compared to studies
showing slight or no improvements. RCTs are likely to be the
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most appropriate design and a gold standard to confidently
demonstrate that a specific intervention has resulted in a change
in a process or a health outcome [14]. Biased assessment of
outcomes and any confounding effects can be avoidable by
large-scale RCTs. However, due to the degenerative character
of dementia and personal differences in capacities of people
with dementia, difficulties in randomizing subjects often arise
[14]. Additionally, when using long study periods, the dropout
rate might be high, as participants’ cognitive deterioration can
hinder their continued participation in the study. On the other
hand, when it is not feasible or ethical to conduct an RCT, a
quasi-experimental design may serve best for collecting
quantitative data. We also recommend randomized controlled
block designs in the case of heterogeneous study samples. When,
for instance, including people with dementia in studies with
long intervention periods, the dementia levels alter. With a
randomized controlled block design, some variables in different
blocks can be controlled for, or comparable approaches can be
applied within the blocks.
Studies targeting the efficacy and effectiveness of the robots
delivered interventions diverged in format, duration, dosage,
and location. Two (6.1%) studies [32,38] highlighted a need
for individual intervention sessions tailored to users’ preferences
and capacities, and the findings of another study confirmed this
approach [65]. Additionally, individualized sessions could omit
confounding factors by reducing the chance of interactions with
the facilitator or other participants [66]. Group interventions
may lower the odds of interaction between potential users and
the robot, potentially lowering the effect of the intervention,
especially when the intervention is delivered in a noisy setting
with many participants [18]. The issues of small sample sizes
and short interactions were considered major limitations in
studies that failed to find significant results, and they are
considered the toughest challenges for researchers in this field
[66,67]. These limitations are often cojoined with the study
setting. In nursing homes, a larger number of residents are often
enrolled in a clinical trial, and the robots are not personalized
but must be shared by the entire group. Whereas in private
homes, studies are conducted with individuals or dyads, which
creates better possibilities for personalization of the robot.
Overall, the personalization of the intervention and alleviation
of loneliness are 2 advantages of home-based clinical trials.
However, there are some challenges to these types of studies,
such as the need for several robots, implementation difficulty,
and personalization, but it is nevertheless a step in the right
direction. We observe a paradox, in that new or experimental
robots are employed in research with low numbers of
participants, whereas commercially available robots are tested
on large study samples. Commercialization allows for better
testing and evaluation, which is logical from an economical
perspective. However, we urge that before robots are marketed,
developers should study the feasibility and usability
appropriately in the target group, as well as the effectiveness in
a substantial study sample with sufficient power. After bringing
the robot to the market, producers should continue to invest in
studies to improve their product to tailor it optimally to their
users. This should be a joined mission of producers and policy
makers to improve the sustainability of health care systems.
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Apart from the aforementioned limitations of the studies, some
weak aspects of the study designs led to failure of the social
robots’ impacts. For instance, a mismatch between the studied
construct and the main aim of the robot may lead to the poor
conclusion that the robot is not efficient. An example of this is
the studies on PARO that failed to demonstrate significant
results for cognition, as PARO is not developed to stimulate
cognitive functioning [31,33,41,43]. Additionally, to capture
significant results in constructs such as cognition, QoL, and
depression, a long intervention period is necessary because these
are constructs that do not change very quickly. In studies with
people with dementia, it might also be useful to study stability
of these constructs instead of improvement, since it is inherent
to the disease that these constructs deteriorate over time.
Regarding the broad concept of QoL ranging from physical
health to psychological state and social relationships, the
application of a suitable QoL measurement instrument that
corresponds to the robot’s aim should be taken into account.

Implications For Efficacy and Effectiveness Studies
Appropriate RCTs with large sample sizes and individual
interaction sessions running for longer than 1 month would
serve best for such studies to draw relatively robust and reliable
results.
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Implications For Feasibility and Usability Studies
The study methods are similar for both aims, so researchers
could apply the same design. Experimental designs with mixed
methods of data collection are recommended for these studies.
Multiple interaction sessions might reveal the changes in
feasibility and usability.

Implication For Studies With Multiple Aims
We recommend performing separate studies for multiple aims
since the study designs for each aim are comparable.
We gathered further practical recommendations through which
future work may address existing shortcomings (Table 1).
Regarding the mixed methods of data collection, studies suggest
a combination of qualitative and quantitative methods for data
collection, which will enable the researcher to capture different
details in users’ responses and address different aspects of the
research question. A mixed methods approach was helpful in
studies that could not derive positive results from quantitative
data but did from qualitative data [16]. Regarding the difficulties
of recruiting many users in case of availability of just a few
robots, these mixed methods should be mandatory. Even though
we did not find any negative results regarding the intervention
dosage, there are shreds of evidence of highly intense
intervention resulting in negative effects or exhaustion [18].
Hence, the dose response for specific measures remain an open
question for future researchers.

Table 1. Further implications and recommendations for future studies.
Area of consideration

Type of study

Recommendation

Participant and setting

Efficacy/effectiveness

•
•
•

Gender homogeneity
Different levels of dementia
Realistic environments

Intervention and data collection

Efficacy/effectiveness

•

Multiple intervention sessions for longer than 1 month

Feasibility/usability

•

Initialization phase before trial

All types of studies

•
•
•
•
•
•
•

Well-trained observers and professionals
Tailored interventions
Include an intervention facilitator apart from an observer
Consistent observations
Standardized and validated measurement instruments
A client-centered approach to intervention design
A combination of qualitative and quantitative methods of data collection
Observational study when including people with severe dementia

•
Gap in the existing literature to be filled

Efficacy/effectiveness

•
•

Limitations and Strengths
Although the use of social robots is promising to support people
with dementia, we did not include dementia specifically in the
search strings, since this scoping review focused on elderly
people in general. However, we believe that our search captured
most of the studies executed in the field of dementia because
many of the identified studies included people with dementia
in either mixed or specific study samples. However, some
https://www.jmir.org/2022/8/e37434
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Best response-dosage of intervention for particular measure and
participant condition
Characteristics of subjects who benefit most from the social robots

relevant studies on elderly people with dementia may be missing
in this review, as well as may studies that are only traceable in
databases that were not taken into account in this review. The
searches were conducted in scientific databases deemed the
most viable to retrieve valid and reliable results for this scoping
review. The exclusion of studies focusing only on the
development phase of social robots can be considered a
limitation of this study. Some information on the evaluation of
the feasibility and usability executed in the development stage
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37434 | p.28
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might have been missed. In addition, studies on telepresence
robots were excluded due to their relatively simple features.
Compared to pet robots and humanoid robots, telepresence
robots are limited in interactions with users, which occur merely
through a touch screen, making use of visual and audio stimuli
but omitting other sensory stimulation. Although mainly used
for medical visits, some telepresence robots might support social
functioning. Information on studies performed on these robots
might have been missed.
Our study is the first scoping review on the methodologies for
studying social robots in elderly people and people with
dementia. The existing reviews on this topic mostly focus on
design, use, effectiveness, facilitators, and barriers to the
implementation of social robots [12,66,67,68-73]. This study
might support future researchers to design a research study on
social robots in elderly adults and answer some study design
queries.
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people with dementia. Relevant recommendations were
formulated, directed for studies with specific aims that may aid
future researchers in developing adequate study designs to
evaluate social robots, allowing for more reliable information
on study outcomes. Our research leads us to the conclusion that
more studies with large sample sizes are needed on the
effectiveness of social robots in private households of elderly
adults and people with dementia to demonstrate the actual
usefulness of social robots on delaying institutionalization by
improving QoL, cognition, and social contact, and counteracting
loneliness. Most of the identified studies focused on usability,
and the robots appeared to be favorably accepted in most cases.
It is time to encourage investigations in private homes to
supplement existing knowledge about the effectiveness of robots
and personalization of their functions. We expect that additional
research will corroborate the impact of social robots on
loneliness, mood, QoL, and social health in people with
dementia and the elderly.

Conclusions
This review narratively synthesizes information on the
methodology of studying social robots in elderly adults and
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Abstract
Background: An increasing number of patients expect and want to play a greater role in their treatment and care decisions.
This emphasizes the need to adopt collaborative health care practices, which implies collaboration among interprofessional health
care teams and patients, their families, caregivers, and communities. In recent years, digital health technologies that support
self-care and collaboration between the community and health care providers (ie, participatory health technologies) have received
increasing attention. However, knowledge regarding the features of such technologies that support effective patient-professional
partnerships is still limited.
Objective: This study aimed to map and assess published studies on participatory health technologies intended to support
partnerships among patients, caregivers, and health care professionals in chronic care, focusing specifically on identifying the
main features of these technologies.
Methods: A scoping review covering scientific publications in English between January 2008 and December 2020 was performed.
We searched PubMed and Web of Science databases. Peer-reviewed qualitative, quantitative, and mixed methods studies that
evaluated digital health technologies for patient-professional partnerships in chronic care settings were included. The data were
charted and analyzed thematically. The PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses
extension for Scoping Reviews) checklist was used.
Results: This review included 32 studies, reported in 34 papers. The topic of participatory health technologies experienced a
slightly increasing trend across publication years, with most papers originating from the United States and Norway. Diabetes and
cardiovascular diseases were the most common conditions addressed. Of the 32 studies, 12 (38%) evaluated the influence of
participatory health technologies on partnerships, mostly with positive outcomes, although we also identified how partnership
relationships and the nature of collaborative work could be challenged when the roles and expectations between users were
unclear. Six common features of participatory health technologies were identified: patient-professional communication,
self-monitoring, tailored self-care support, self-care education, care planning, and community forums for peer-to-peer interactions.
Conclusions: Our findings emphasize the importance of clarifying mutual expectations and carefully considering the implications
that the introduction of participatory health technologies may have on the work of patients and health care professionals, both
individually and in collaboration. A knowledge gap remains regarding the use of participatory health technologies to effectively
support patient-professional partnerships in chronic care management.
(J Med Internet Res 2022;24(8):e38980) doi:10.2196/38980
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Introduction
Chronic Care Model
Changes in demographics, disease panorama, and medical
technology enabling early diagnoses and effective treatments
have led to chronic diseases dominating the disease burden,
accounting for alarming increases in health care use and costs
[1]. Thirty years ago, Wagner et al [2,3] proposed the chronic
care model (CCM), which called for a system of care that goes
beyond health care provision by mobilizing supporting resources
in the community. The model foresaw that the design and
organization of service delivery would need to be adjusted to
what was required and made possible by viewing chronic care
as a system. Clinical information systems have been identified
as important assets, particularly for decision support. In addition,
self-management support for informed and activated patients
has been emphasized [3]. Over the years, the CCM has inspired
much of the development of chronic care management, as
individuals with chronic conditions need services and support
from several providers. Research has shown that more patients
expect and want to play greater roles in decisions about their
treatment and care and perform self-care more effectively [4-6].
Nevertheless, the transformation of health care practices into
effective chronic care systems remains challenging [7].

Collaborative Care Partnerships
The reference to informed and activated patients indicates that
care arrangements according to the CCM are professionally
driven, with health care professionals providing information
and guidance to patients [3]. In contrast, patient-centered and
person-centered care initiatives, launched at the start of the new
millennium, highlighted the need to place patients at the center
of their care and to make space for patient preferences in care
planning, accomplished through a shared decision-making
process [8]. This shift in care philosophy undoubtedly paved
the way for patients with chronic conditions to be active rather
than activated, which matched the aims of empowering patients
and promoting equality in the patient-provider relationship.
These movements emphasize the need to adopt collaborative
health care practices, which implies collaboration between an
interprofessional health care team and patients, their families,
caregivers, and communities [9].
Central to this form of collaboration is the acknowledgment of
patients as experts in their “experience, feelings, fears, hopes,
and desires” [10]. Patient participation in co-design and slow
coproduction helps strengthen their voices in the design of care
services and can lead to improved patient experiences [11].
There is also evidence that when patients express what is
important to them and have active roles in designing care,
outcomes, including clinical outcomes, will improve [12]. In
addition, several randomized controlled trials have shown that
engaging patients in symptom monitoring, usually by applying
digital technologies, has a positive effect on patient outcomes
[13,14]. Symptoms are important not only to alert and guide
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the diagnostic workup but also to measure treatment effects
(especially in severe illnesses) [15]. As patient-professional
partnerships based on mutual respect for professional and
experiential knowledge can strengthen patients in their
self-management and shared decision-making with health care
professionals, ultimately leading to improved clinical outcomes,
it is worthwhile to study how such a collaborative care
partnership can be enhanced.

Participatory Health Technologies
Digital health technologies delivered in real time and in
real-world settings offer opportunities to support such
partnerships. Participatory health informatics, which emerged
as a field around 2008, concerns the use of “information
technology as provided through the web, smartphones, or
wearables to increase participation of individuals in their care
process, and to enable them in self-care and decision-making”
[16]. For example, web-based social health networks such as
PatientsLikeMe [17] have become powerful tools for patients
to share their experiences and learn from each other.
Technologies for community support marked the beginning of
participatory health technologies, and interest has been
increasing in technologies supporting self-care and
patient-professional partnerships, which was the focus of this
study. In particular, the use of text-based patient-professional
communication tools has increased over the past decade [18],
supporting self-management and contributing to increased
patient participation [19]. Although the use of mobile health
apps generally has a positive influence on patient-professional
relationships, health care professionals may still be reluctant to
use them [20]. In addition, despite these apps’ potential to
improve health care delivery to people with chronic conditions,
their effects on health outcomes have been found to be
inconsistent [19,21]. Thus, there is a need to gain more
knowledge about the mechanisms that contribute to effective
patient-professional partnerships. Therefore, this study aimed
to map and assess published studies on participatory health
technologies intended to support partnerships between patients,
caregivers, and health care professionals in chronic care,
focusing specifically on identifying the main features of these
technologies.

Methods
Study Design
A scoping review was considered relevant as our aim was to
examine the size, scope, and nature of the available literature
on our phenomenon of interest and summarize existing research
findings [22]. The review was performed in 5 stages, guided by
the Arksey and O’Malley framework [23,24]. A review protocol
(available on request) was developed beforehand and
continuously updated to ensure consistency and reproducibility.
The review team covered multiple areas of relevant expertise,
including health informatics, health services research, medical
technology management, and medicine. A list of experts in the
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domains of health care, patient self-care, and digital health was
established to be contacted if expert advice was needed. For
example, we sought and obtained input on the practical
relevance of our research questions.

Stage 1: Identifying the Research Question
The scoping review question was specified by considering the
population, intervention, comparison, and outcome [25]. The
population of interest was broadly limited to people living with
chronic illnesses; the intervention of interest was specified in
detail, focusing on digital health technologies that enable
partnerships between patients, caregivers, and health care
professionals (ie, participatory health technologies). No
comparison method was specified, and we aimed to identify all
types of outcomes explored in previous studies. We posed the
following overarching research question: what is known from
the existing literature about participatory health technologies
that intend to support partnerships between patients, caregivers,
and health care professionals in chronic care? More specific
research questions were posed in line with our aim:
•

•
•

The context of use: At which levels of care are the
participatory health technologies used? For which types of
chronic conditions are participatory health technologies
used? Who are the users of participatory health
technologies?
Evaluation: What study designs are used and what outcomes
are measured and reported?
Features supporting partnerships: What are the main features
of participatory health technologies? How do the different
features influence partnerships?

Stage 2: Identifying Relevant Studies
The search strategy was developed in consultation with the
Karolinska Institutet University Library, following the Peer
Review of Electronic Search Strategies guidelines [26]. Search
terms were designed to capture papers related to three key
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concepts: (1) digital health technologies, (2) partnerships
between patients, caregivers, and health care professionals, and
(3) chronic care management. Searches were performed using
the bibliographic databases PubMed and Web of Science, which
were considered most relevant in relation to our aim. First, we
identified synonymous terms for each key concept and combined
them into a search phrase using the Boolean operator OR. We
also identified and used relevant Medical Subject Heading terms
in PubMed. We then combined the search phrases for the 3
concepts using the Boolean operator AND. The exact search
phrases for the 2 databases are presented in Multimedia
Appendix 1. Our searches were performed on November 21,
2017, and updated on December 14, 2020. The search results
were filtered by language and time span, covering papers in
English and Swedish published between January 2008 and
December 14, 2020.

Stage 3: Study Selection
The inclusion and exclusion criteria are listed in Table 1. The
period of inclusion, from 2008 to 2020, was motivated by the
emergence of the term participatory health informatics in 2008
[16]. Screening was performed using the open-source platform
Rayyan [27]. We specified the labels to be used as reasons for
exclusion in the screening process if the inclusion criteria were
not met. At the beginning of the screening process, the inclusion
criteria were piloted and refined in several iterations until a
consensus was reached among all authors. The first screening
was performed in late 2017 and early 2018 by EE and MÅW
with support from MD, ST, ÅR, and CW; titles and abstracts
for each study were screened by at least two of these researchers
(blinded). Conflicts were resolved through discussion and, if
necessary, by involving the research team. The second screening,
following an updated search, was performed in early 2021 by
CW and MB who both screened all titles and abstracts and
resolved conflicts through discussion. They also screened the
reference lists of the included studies to identify additional
relevant publications.
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Table 1. Inclusion and exclusion criteria.
Criteria

Inclusion

Exclusion

Type of studies

Qualitative, quantitative, and mixed methods studies on
the phenomenon published in peer-reviewed journals

Letters, commentaries, editorials, conference abstracts,
doctoral theses, or any type of review

Period

January 1, 2008, until December 14, 2020

Before January 1, 2008, and after December 14, 2020

Language

English and Swedish

All other languages

Type of participants

Patients with chronic conditions, defined as a health condi- Patients who do not have chronic conditions
tion that lasts at least 3 months

Phenomenon of interest

Studies that meet all 3 criteria listed below

Studies that do not meet all the 3 criteria listed below

Digital health technology

A digital health technology is defined as software intended
for use for preventive, promotive, curative, rehabilitative,
assistive, or palliative care; this includes categories such
as eHealth or mobile health, wearable devices, and telehealth services; the digital health technology should enable
processing and exchange of health information between
end users using the internet

Nondigital services or digital services not specifically
intended for medical use; for example, WhatsApp, email,
telephone, and SMS text messages are technologies that
are not primarily intended for the abovementioned purposes and were thus excluded

Partnership

The digital health technology intends to support collaboration and enables interaction between at least two types of
users: patients or caregivers, and health care professionals
or allied professionals (eg, pharmacists)

Digital health services for peer-to-peer collaboration
between patients or caregivers only, or tools for team
collaboration among staff, without patient or caregiver
involvement, were excluded; tools that only intended
to support self-care or treatment adherence were also
excluded

Evaluation

Evaluation results testing the digital health technology in
chronic care need to be available

Studies that merely describe the design and development
of digital health technologies; evaluation that has not
been performed in a real-world setting (eg, heuristic
evaluation by experts)

Stage 4: Charting the Data
A data extraction sheet was developed containing bibliometric
variables (author, country based on corresponding author
affiliation, title, year, and journal), descriptive study variables
(study aim, study design, and sample size), and variables based
on the research questions (chronic condition, level of care, name
and description of the participatory health technology, outcome
measures, and evaluation results). All authors were involved in
testing and refining the data extraction sheet with a selection
of papers. A total of 2 authors per paper extracted and compared
these to calibrate the variable definitions and our shared
understanding thereof. Thereafter, CW and MB performed the
remaining extractions for all the papers.

Stage 5: Collating, Summarizing, and Reporting
Results
Charted data were condensed and grouped into categories that
enabled the classification of the studies based on their study
aims, study designs, chronic conditions, outcome measures, and
evaluation results. The charted text describing the participatory
health technology features and their influences on partnerships
was extensive and was, therefore, analyzed separately using a
qualitative content analysis process [28]. The charted text was
abstracted through text condensation and categorization, which
was performed by CW and discussed with MB. Meaning units
were identified and coded inductively using a Microsoft Excel
spreadsheet. Thereafter, all codes were transferred to the open
source FreeMind mind-mapping software [29], where they were
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grouped into categories and subcategories. After categorizing
all charted data, we used the statistical software R (R Foundation
for Statistical Computing) [30] to explore descriptive statistics
and the ggplot2 package [31] to produce visualizations. We first
present a descriptive numerical summary of the included papers
and then present an inductive categorization of the main
participatory health technology features, supported by illustrative
examples. The PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses extension for Scoping
Reviews) checklist for scoping reviews was used for reporting.

Results
Study Selection
Database and manual searches yielded 2763 records (Figure 1);
after removing duplicates, the titles and abstracts of 2475
(89.58%) records were screened, and 2360 (85.41%) records
that did not meet the inclusion criteria were removed. We read
the full texts of 115 papers and excluded 81 (70.4%) for the
following reasons: not partnerships (n=67, 58.3%), not digital
health technologies (n=11, 9.6%), not used in care (n=1, 0.9%),
not evaluated (n=1, 0.9%), and not original research (n=1, 0.9%).
The remaining 34 papers, reporting on 32 studies of 30
participatory health technologies, were included in the
qualitative synthesis. The characteristics of individual papers
are presented in Multimedia Appendix 2 [32-65]. In our
presentation of study characteristics, data were consolidated
from publications reporting on the e-BP study [33,34] and the
MyCyFAPP study [43,44].
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow chart.

Study Characteristics
Publication Details
The topic of participatory health technologies experienced a
slightly increasing trend across the publication years, with most
papers being published in the past 2 years of the review period
(Figure 2). The papers originated from the United States (15/34,
44%), Norway (7/34, 21%), and China (2/34, 6%), and a single
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(1/34, 3%) paper each from the following countries: Canada,
Denmark, Sweden, the United Kingdom, the Netherlands,
Germany, Austria, Switzerland, Spain, and South Korea. They
were published in 21 journals, most commonly the Journal of
Medical Internet Research (5/34, 15%), JMIR mHealth and
uHealth (5/34, 15%), Telemedicine and eHealth (3/34, 9%),
and the International Journal of Medical Informatics (3/34,
9%).
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Figure 2. Number of included papers by year and world region.

Context of Use
The studies were conducted in primary care (18/32, 56%),
secondary care (18/32, 56%), and tertiary care (7/32, 22%; Table
2). Approximately one-third (10/32, 31%) of the studies were
set across levels of care, and some (3/32, 9%) additionally
involved home care, social services, or school health services.
Most studies addressed diabetes (8/32, 24%), followed by
cardiovascular disease (6/32, 19%). The participatory health
technologies were deployed almost exclusively as web
applications or websites for health care professionals, whereas
mobile deployment was common for patient users (14/32, 44%).

In some studies, participatory health technologies were
integrated into electronic health record systems or personal
health records [32-38]. In addition to interactions between
patients and health care professionals, participatory health
technologies supported collaboration with allied professionals
[33,34,36,39] or technical staff [40,41]. Caregivers were
identified as users in some studies in which the patients were
children [37,42-45], cognitively impaired [46], or in palliative
care [47]. We identified 3% (1/32) of studies in which patients
who did not meet these criteria had the option to invite their
families and friends to be users of participatory health
technology [48].

Table 2. Context of use.
Characteristic

References

Level of care
Primary care

[33-40,42,46,48-56]

Secondary care

[32,39,40,42-45,47,49,52,55-63]

Tertiary care

[39,41,43,44,58,60,64,65]

Type of chronic condition
Metabolic (diabetes)

[35,38,51,53,55,57,64,65]

Cardiovascular

[32-34,36,39,48,61]

Autoimmune

[45,49,58-60]

Pulmonary

[37,48,54]

Cancer

[47,62,63]

Genetic

[43-45]

Immunodeficiency

[40,41]

Psychiatric

[42]

Neurodegenerative

[46]

Unspecified

[50,52]
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Evaluation
Of the 32 studies, 13 (41%) were effect studies of participatory
health technology use in clinical practice, 8 (25%) were
feasibility studies, 7 (22%) explored user experiences, and 4
(13%) reported on the design and implementation of
participatory health technologies (Table 3). The study designs
included randomized clinical trials (11/32, 34%), quantitative
evaluations (8/32, 25%), qualitative evaluations (7/32, 22%),
and mixed methods evaluations (6/32, 19%). Of the 32 studies,
the sample size was as high as 50 in 11 (34%) studies, 50 to
200 in 14 (44%) studies, and >200 in 7 (22%) studies. The
studies evaluated the effects of participatory health technologies
on clinical outcomes, including health, well-being, quality of

Wannheden et al
life (17/32, 53%), user experiences (12/32, 38%), and
self-management (7/32, 22%). Approximately one-third (12/32,
38%) of studies evaluated effects on partnerships by describing
the content, experiences, and nature of collaboration
[39,48,51,56]; the distribution of tasks and responsibilities [42];
patient-professional relationships [51,54]; engagements of
patients and family caregivers [41,45,46]; and the perceived
quality of collaborations [45,46]. Other effects that were
evaluated included access to care and waiting times [49],
continuity of care [47], and health care costs [34,52]. Most
studies reported positive outcomes (22/32, 69%), although they
were minor or temporary in some cases [35,62]. A few studies
reported mixed results (5/32, 15%) or no change (3/32, 9%).

Table 3. Study designs and outcomes.
Characteristic

References

Study aim
Design and implementation

[39,40,61,64]

User experiences

[42,46,48,50,51,56,59]

Feasibility

[32,37,45,47,53-55,60]

Effects

[33-36,38,41,43,44,49,52,57,58,62,63,65]

Study design
Randomized controlled trial

[33-35,37,38,47,57,58,62,63,65]

Quantitative

[36,41,43,45,52,53,55,60,64]

Qualitative

[39,40,42,46,48,50,51]

Mixed methods

[32,44,54,56,59,61]

Sample size
≤50

[39,42,46,48,50,51,54,55,60,61,64]

51-100

[32,37,38,45,47,56,57]

101-150

[36,41,53]

151-200

[40,43,44,58,63]

>200

[33-35,49,52,59,62,65]

Outcome variables
Clinical outcomes

[32-38,41,43,44,47,55-58,62-65]

Partnership

[37,39-42,44-46,48,51,54,56]

Self-management

[32,36,44,45,57,62,63]

User experiences

[32,37,44-46,48,50,56,57,59,60,64]

Outcomes

a

Positive outcomes

[32-37,39,41,43-46,48,49,53-55,57,59,60,62-65]

Mixed results

[42,47,50,51,56]

No change

[38,52,58]

N/Aa

[40,61]

N/A: not applicable.
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Qualitative Synthesis of Participatory Health
Technology Features and Their Influences on
Partnerships
Overview of Features
We identified six main participatory health technology features
for enabling partnerships between patients and health care
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professionals: (1) communication, (2) self-monitoring, (3)
tailored self-care support, (4) self-care education, (5) care
planning, and (6) community forum (Table 4). Most studies
described a combination of these features, often involving the
first 3 (Figure 3 [32-65]). In the following sections, we describe
the 6 features and their influences on patient-professional
partnerships that were discussed in the studies.

Table 4. Thematic analysis of participatory health technology features.
Themes (features)

References

Communication
Asynchronous message exchange

[32-36,38,40-44,46-49,52-57,60-63]

Audio or video communication

[32,39,48,52]

Unspecified

[65]

Self-monitoring
Self-measurements of health parameters

[33-36,52,53,57,59,61,65]

Self-assessment of symptoms or problems

[32,37,39,43-45,50,58,62,63]

Self-reported health status or activity

[32,35,38,40,41,44,45,48,50,54-56,59-61,64,65]

Self-reported medication adherence or side effects

[32,35,38,40,44,64]

Diary for personal notes

[48,55,63]

Tailored self-care support
Personalized goals

[34-37,44,51,55,64]

Medication management

[32-34,36,39,41,49,56,64,65]

Individual feedback

[35,50,51,55,64]

Tailored recommendations

[33-35,37,43-45,49,52,57,62,63]

Alerts and reminders or prompts

[32,36-38,41,42,45,52,57,58,60,64]

Self-care education
Educational material integrated in participatory health technology

[32,34-37,41,43,44,49,51,53,54,56,60-62,65]

Links to external sources

[32,33,38,48,58,62,63]

Care planning
Access to a personal care plan

[32,34-37,40,42,54]

Appointments and previsit planning

[33,45,58,60]

Community forum
Anonymous contributions

[40,41,55,56,62,63]

Health care professional monitored

[55,56,63]

Unspecified

[65]
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Figure 3. Illustration of identified participatory health technology features in each of the included papers, grouped by the total number of features
(ranging from 1 to 5) [32-65].

Communication
Support for patient-professional communication was a central
participatory health technology feature described in 84% (27/32)
of studies. Most commonly, communication was facilitated
through asynchronous text-based information exchanges
between users; however, some studies also implemented audioor video-based communication. In some studies, team-based
communication between multiple users (including patients,
caregivers, care team members, and allied health professionals)
was also supported, enabling patients and caregivers to
communicate with multiple care team members and care team
members to interact with each other [46,47,49]. This
communication feature contributed to rapport building [40] and
improved patient-professional relationships among young and
adult patients [44,54,60]. In a study of teenagers living with
asthma, health care professionals reported that written
communication could lead to more honest and elaborate
responses among patients who may be less talkative in
face-to-face encounters [54]. Meanwhile, a study that evaluated
e-consultations for diabetes self-management support found
that asynchronous communication could make patient-nurse
relationships more fragile because of the risk of
misunderstandings, suggesting that the best option may be a
combination of written and face-to-face interactions [51]. Most
studies did not describe any constraints in content, time, or word
limits for message exchanges. Although one of the studies
reported that health care professionals did not experience
answering messages as too time consuming [63], other studies
reported that tighter communication and follow-up of patients
led to greater workloads for health care professionals between
consultations [44] and could blur the boundaries between their
private and work lives [56]. Various engagements with
participatory health technologies among health care
professionals and patients led to frustration when expectations
were not met, for example, when messages were not answered
[42,56].

Self-monitoring
Self-monitoring was also a central feature found in nearly all
studies (27/32, 84%). It comprised the use of self-measurement
https://www.jmir.org/2022/8/e38980
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devices to register and report health data, such as blood pressures
[33,34,36,61,64], blood glucose levels [35,53,57,64,65], or
physical activity [36,52]; self-assessments of symptoms or
problems; self-reported health statuses or activities; self-reported
medication adherence or side effects; and diaries for personal
notes. When health parameters were not measured using external
devices, self-monitoring was mostly facilitated through
structured data input based on predefined forms. Several benefits
regarding patient-provider partnerships were identified:
increased patient motivation [50,59], higher perceptions of being
recognized and respected by health care professionals [48], and
more efficient consultations because of less time being spent
on collecting and explaining data [44]. By providing contextual
information and their own interpretations of self-monitored
data, patients could participate as diagnostic agents in clinical
assessments [39].

Tailored Self-care Support
The features for providing tailored self-care support were
identified in 78% (25/32) of studies. This entailed support for
setting and monitoring the progression toward personalized
goals, medication management (eg, personal medication lists
and managing refills), individual feedback, tailored
recommendations, and alerts and reminders. Health care
professionals provided individual feedback to patients on the
basis of clinical variables or reported self-assessments and
reflections [35,50,51,55,64]. In addition to feedback, tailored
recommendations were often provided regarding therapy
adjustments, symptom management, self-management activities,
self-monitoring, and topics to discuss with clinicians.
Recommendations were either automatically generated based
on patients’ reported data [37,43-45,52,62,63] or individually
tailored by health care professionals [34,35,49,57]. The
provision of feedback contributed to the development of good
relationships and made patients feel understood and addressed,
although feedback could also be experienced as challenging for
patients [50]. Motivational messages could be both appreciated
and experienced as annoying [44]. Alerts were provided to draw
attention to patients and health care professionals, generally
based on predefined threshold values for clinical parameters
[32,36,45,60,64]. In some cases, alerts were also used to inform
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health care professionals about patients’ activities or engagement
with participatory health technologies [42,52]. Reminders were
used to support medication adherence [41], prompt patients to
upload self-monitoring data [37,57,58,64], or remind them of
clinical examinations or appointments [38].

Self-care Education
Features for providing self-care education were described in
almost two-thirds of the studies (20/32, 62%). Educational
material was integrated into the participatory health technologies
or provided through links to external sources and often covered
both disease-specific information and lifestyle topics, such as
nutrition, health and wellness, or smoking cessation
[41,43,44,60]. Where educational material was embedded in
participatory health technology, contents could be adapted
specifically to the target group. For example, in a study of
patients with diabetes [53], educational material was adapted
to be culturally appropriate to the target group of native
communities. Self-care education was sometimes delivered
through video clips [35,37,54,61] or could include a toolbox of
resources, such as recommended activities, good-to-know texts,
and workbooks [56]. Several studies reported improvements in
self-management knowledge and self-efficacy [32,43,44,60].

Care Planning
Approximately one-third (11/32, 34%) of the studies described
features for participatory health technology–supported care
planning. This involved access to planned activities or personal
health plans and support for scheduling appointments or
planning care visits. In preparation for care visits, patients had
opportunities to identify goals, questions, or problems to discuss
with their clinicians and provide information about their disease
activity by filling in structured data forms [45,58,60]. A study
of pediatric patients [45] found that visits and collaborations
improved through this preparation. Another study identified
shifts in roles and sometimes power transitions from health care
professionals to patients and caregivers as they took more
responsibility for care planning [42].

Community Forum
Web-based community forums for peer-to-peer interactions
with other patients were provided in some studies (7/32, 22%).
This functionality appeared in studies published in 2013 or later
and only in participatory health technologies that had several
other features as well. In most cases (5/7, 71%), the community
forums enabled patients to write questions and comments
anonymously to protect their integrity. In 43% (3/7) of studies,
community forums were monitored by health care professionals
who could contribute with answers to posted questions. In a
community mental care setting, it was reported that peer support
initially established through an anonymous community forum
could develop into friendships when combined with café
gatherings where service users could meet in real life [56].
Several studies found that patients would visit the web-based
community forums to read others’ posts more often than to post
something themselves [41,56,62].
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Discussion
Principal Findings
This scoping review identified and described the characteristics
of
participatory
health
technologies
supporting
patient-professional partnerships in chronic care management
evaluated in 32 studies and published in 34 papers. These papers
originated almost exclusively from North America and Europe
and were published in a variety of journals, mainly in the fields
of biomedical informatics or information science but also in the
fields of health services research, medicine, and nursing. This
reflects the multidisciplinary nature of participatory health
informatics in chronic care management. The slight increase in
the publication trends may suggest an increasing interest in
digital services for participatory medicine in recent years.
Notably, the included papers represented high variation in terms
of the chronic conditions addressed, the levels of care where
the participatory health technologies were used, the study
designs, and the sample sizes. Nevertheless, 6 common
participatory health technology features could be identified.
Most participatory health technologies had features to support
patient-professional communication, self-monitoring, and
tailored self-care support. More than half of the studies described
self-care education features, and approximately one-third
discussed features to support care planning. In more recently
published studies, the facilitation of peer support through
web-based community forums emerged as a new feature. The
engagement of caregivers as participatory health technology
users was also more common in recent studies, possibly
indicating a shift from focusing merely on the
patient-professional dyad to a system view of collaborative care,
acknowledging the involvement of more stakeholders. Most
studies reported positive outcomes, although there were mixed
results, highlighting the importance of tailoring participatory
health technology implementation and use to individuals’ needs
and preferences.

Comparison With Prior Work
Our thematic analysis focused on identifying common
participatory health technology features and describing the
identified influences on patient-professional partnerships. In
the following sections, we discuss 3 observations made when
interpreting our findings, namely, how participatory health
technologies influence roles and relationships, the changing
nature of chronic care work, and a shift from intermediation to
apomediation.

Changing Roles and Relationships
Overall, our findings are in line with previous studies indicating
that the use of eHealth interventions can positively influence
patient-professional communication and relationships [20] and
also challenge these because of undefined or changed roles [66].
As a previous review has shown [20], the positive influences
of participatory health technologies on patient-professional
relationships depend on participating actors who meet the
expectations and rules of minimal engagement. This was clearly
seen in some studies in mental care [42,56], where variation in
patient or professional engagement with participatory health
technologies could lead to either enhanced or challenged
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relationships. One of these studies highlighted that health care
professionals may need to communicate their personal
boundaries to patients; for example, they would only check
messages on certain weekdays [56]. However, these kinds of
social interaction norms have rarely been made explicit in
studies where asynchronous interactions were not structured or
constrained, which could lead to a blurring of the boundaries
that define the contents, extents, and times of interactions
[67,68]. The ethical implications of digital patient-professional
communication can be complex and require organizational
guidelines to promote good practices in the use of digital
communication [67]. Role uncertainty may affect both staff and
patients [69], suggesting that the introduction of participatory
health technology features that enable unlimited asynchronous
interactions or task shifting (eg, the patient takes on tasks
traditionally performed by health care professionals) should
also involve mutual agreements on the distribution of tasks,
roles, and responsibilities between patients and professionals.

Changing Nature of Collaborative Chronic Care Work
In addition to communication support, the most common
participatory health technology features we identified were
self-monitoring and tailored self-care support, which is
comparable with the results of a recent scoping review focusing
on the features of web portals for telerehabilitation [70]. These
3 features were often combined, and they have the potential to
profoundly influence the nature of collaborative work among
patients, caregivers, and health care professionals. Through
self-monitoring and self-care, patients take over tasks that were
previously performed by health care staff (eg, measuring of
vital parameters) or not performed at all (eg, continuous
collection of health parameters between consultations). As
described in one of the papers in our review [44], patients’
self-monitoring also influenced the work of health care
professionals in several ways. Consultations could become more
efficient as data were collected in real time and made available
to both patients and health care professionals before
consultations. In contrast, health care professionals had to spend
more time between visits responding to questions or providing
feedback to their patients (ie, communication and tailored
self-care support). This indicates that health care professionals’
workloads may increase in some areas but decrease in others,
with implications for how their work is organized. Workloads,
workflow disruptions, and alignment with clinical processes
are among the most common barriers to the adoption of eHealth
services [66]. Another study found that when patients’
transmission of data replaced physical meetings, the patients
could become passively disengaged, resulting in poorer
collaborations [39]. Enabling patients to provide contextual
information in addition to automated self-measurements
contributed to reintroducing them as collaborative partners in
diagnostic interpretation; however, the authors questioned
whether this could really be labeled as collaboration or merely
the transmission of more data. This study clearly problematized
the potential issues when self-monitoring merely replaced
previous collaborative work. When self-measured data are not
interpreted in collaboration with the patient, the partnership
may be harmed rather than improved.
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Features for care planning provided another example in which
the nature of collaborative work could change. For example,
care planning enabled patients to influence the agenda for care
visits by communicating their personal goals and the questions
they wanted to address. One of the studies described a power
transition, as patients took more responsibility for their care
plans [42]. Altogether, these findings emphasize that the
potential implications of participatory health technologies on
the nature of collaborative work need to be carefully considered
when introducing eHealth services that influence the work of
patients and health care professionals in chronic care
management.

Moving From Intermediation to Apomediation
With the rise of web-based technologies, referred to as Web
2.0, and similarly, Medicine 2.0, the terms intermediation,
disintermediation, and apomediation were introduced [71,72].
Intermediation refers to the selection and delivery of “relevant”
health information by an intermediary (eg, health care
professionals or a web portal vetted by experts). For example,
self-care education and self-care support features that were quite
common in this review may be understood as methods of
intermediation. By providing patients with relevant self-care
information, health care professionals can shift away from the
paternalistic model of physician-patient relationships to an
interpretive model, where they take on roles as counselors or
advisers in individuals’ self-care [73]. The provision of self-care
education was associated with increased knowledge and
self-efficacy, which are resources that individuals can draw on
to build their capacities for self-management [74]. It has been
suggested that the more knowledgeable and self-efficacious
patients become, the less they want to rely on experts (ie,
disintermediation), preferring guidance from peers who “stand
by” rather than “in between” patients and the knowledge they
seek (ie, apomediation) [71]. An example of apomediation is
web-based social health networks, which have been integrated
as components in the eHealth-enhanced CCM [75]. Although
web-based communities marked the beginning of participatory
health informatics [16], the integration of social networking
features in participatory health technologies intended for
patient-professional interactions emerged as a new trend in this
study. Our results illustrate that the 3 different types of
participatory health technologies that have been previously
distinguished (ie, Web 2.0, self-care support, and tools
supporting health care provision) are being increasingly
combined in multimodal services. This suggests that
participatory health technologies may indeed enable a shift
toward a more collaborative and networked approach to
participatory medicine beyond the patient-professional dyad.
We have identified several features to support partnerships in
chronic care management; however, the processes of how patient
knowledge is shaped and integrated in shared decision-making
are still poorly characterized [76]. Future research may reveal
how knowledge from web-based health communities, patients,
caregivers, and health care professionals can be effectively
combined to support patients in their individual self-care and
drive quality improvement and collective organizational
learning.
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Strengths and Limitations

Conclusions

This scoping review has several strengths, including the
inclusion of all types of study designs to obtain findings assessed
using different methods, a screening method involving multiple
researchers, and a qualitative synthesis contributing to new
knowledge. The included studies covered various chronic
conditions, clinical settings, and study designs. Our search
strategy limited the review to papers published in English and
Swedish between 2008 and 2020, implying that we may have
missed important studies published earlier and in different
languages. Furthermore, the inclusion criteria restricted the
studies to those that reported the use of software specifically
intended for clinical use (ie, excluding the use of email, SMS
text messages, or nondigitally supported means of partnership)
and had been evaluated in clinical practice. Nevertheless, our
findings add new knowledge that contributes to describing the
scope and nature of participatory health technology features to
support patient-professional partnerships. Only 38% (12/32) of
studies evaluated the effects on partnerships, which suggests
that a knowledge gap remains regarding the influence of
participatory health technologies on the nature of partnerships
and how to support collaborative health care practices
effectively. As most studies reported positive results, there may
also be a publication bias, given that studies of failed eHealth
interventions are published less frequently [77].

This scoping review identified participatory health technologies
evaluated in studies intending to support partnerships between
patients and caregivers and health care professionals in chronic
care and qualitatively analyzed the main features of these
technologies. A total of 6 common features were identified:
patient-professional communication, self-monitoring, tailored
self-care support, self-care education, care planning support,
and community forums for peer-to-peer interactions. The
integration of social networking features for community support
in health technologies intended for patient-professional
interactions is an emerging trend, which suggests a shift toward
a more collaborative and networked approach to participatory
medicine beyond the patient-professional dyad. The studies in
this review mainly reported positive outcomes; however, we
also identified how partnership relationships and the nature of
collaborative work could be challenged when roles and
expectations between users were unclear. This emphasizes the
importance of clarifying mutual expectations and carefully
considering the implications that the introduction of participatory
health technologies may have on the work of patients and health
care professionals, individually and in collaboration. Future
research should further explore the mechanisms by which
participatory health technologies contribute to the shaping and
use of collaborative knowledge to benefit individual patients,
patient populations, and organizational learning.
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Abstract
Background: Social media tools have provided health researchers with the opportunity to engage with communities and groups
in a nonconventional manner to recruit participants for health research. Using social media to advertise research opportunities
and recruit participants facilitates accessibility to participants from broad geographical areas and diverse populations. However,
little guidance is provided by ethics review boards for researchers to effectively use this recruitment method in their research.
Objective: This study sought to explore the literature on the use of social media for participant recruitment for research studies
and identify the best practices for recruiting participants using this method.
Methods: An integrative review approach was used to synthesize the literature. A total of 5 health sciences databases, namely,
EMBASE (Ovid), MEDLINE (Ovid and EBSCOhost), PsycINFO (Ovid), Scopus (Elsevier), and CINAHL Plus with Full Text
(EBSCOhost), were searched using predefined keywords and inclusion and exclusion criteria. The initial search was conducted
in October 2020 and was updated in February 2022. Descriptive and content analyses were applied to synthesize the results, and
the findings are presented in a narrative and tabular format.
Results: A total of 96 records were included in this review, 83 (86%) from the initial search and 13 (14%) from the updated
search. The publication year ranged between 2011 and 2022, with most publications (63/96, 66%) being from the United States.
Regarding recruitment strategy, 45% (43/96) of the studies exclusively used social media, whereas 51% (49/96) used social media
in conjunction with other strategies. The remaining 4% (4/96) provided guidelines and recommendations for social media
recruitment. Notably, 38% (36/96) of these studies involved hard-to-reach populations. The findings also revealed that the use
of social media is a cost-effective and efficient strategy for recruiting research participants. Despite the expanded use across
different populations, there is limited participation of older adults in social media recruitment.
Conclusions: This review provides important insights into the current use of social media for health research participant
recruitment. Ethics boards and research support services in academic institutions are encouraged to explicitly provide researchers
with guidelines on the use of social media for health research participant recruitment. A preliminary guideline prepared based on
the findings of this review is proposed to spark further development in this area.
(J Med Internet Res 2022;24(8):e38015) doi:10.2196/38015
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advertisement; recruitment; research participants; social media; mobile phone
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Introduction
Background
In this digital age, advancements in technology have created
opportunities for researchers to use new techniques to recruit
research participants. For health researchers, technological
innovations present an opportunity to use digital platforms such
as social media, the internet, web applications, multimedia, and
smartphones to effectively and efficiently engage the community
for research recruitment [1]. These digital platforms provide an
additional source for participant recruitment for health research
studies [2]. Within health sciences, social media is being quickly
adopted because of its increased use as a method of
communication with the public [3]. For many researchers,
recruiting participants for trials can be a daunting task that can
result in study delays or the termination of trials [4]. Less than
one-third of trials reach their original target within a specified
time frame, and approximately one-third required extension [5].
Hence, reaching targeted participants through social media
platforms provides an important avenue for facilitating
researchers’ work.
Social media refers to a group of internet-based communication
services through which users create and participate in web-based
exchanges, contribute user-created content such as videos, or
join web-based communities to share information and ideas [6].
The trends and patterns of social engagement worldwide help
provide researchers, policy makers, and other stakeholders with
an overview of the different social media applications that users
are engaged with [7] and how these tools could potentially be
used to leverage health research. With a global population of
7.8 billion inhabitants [8], internet users stand at 4.54 billion,
representing a 59% penetration rate, and active social media
users at 3.80 billion, representing 49% [9,10]. Active social
media platforms users include Facebook (63%), YouTube
(61%), WhatsApp (48%), Facebook Messenger (38%),
Instagram (36%), Twitter (23%), and Snapchat (13%) [9,11].
Social media provides an appropriate medium for user
connection and communication, information collection and
dissemination, knowledge sharing, discussion, and collaboration
with communities for professional networking and business
purposes [12-14].
Despite the numerous benefits and opportunities associated with
social media, its use in the recruitment of research participants
is still evolving. Health researchers using digital platforms for
research participant recruitment encounter challenges such as
efficiency, cost, information reliability, informed consent,
confidentiality, privacy-related concerns [15], internet
accessibility, information overload, informed consent, and
interaction quality [12,13]. In traditional recruitment methods,
researchers often face costs associated with personnel and
resources, administrative changes, time-consuming recruitment
processes, recruitment bias, and population homogeneity
[16-20]. Cost plays an essential part in the success of a research
process as a higher fraction of the cost is allocated to participant
recruitment [21]. The cost involved in research studies varies
and is dependent on certain factors such as the targeted
population, geographical location, and type of recruitment
https://www.jmir.org/2022/8/e38015
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approach [18]. To overcome the challenges associated with the
cost of participant recruitment, researchers need metrics to
determine the cost of recruitment.
To access social media, users are required to create a profile
that requires certain mandatory information such as first name
and last name, email address, or mobile phone number [22].
Although interested social media users willingly provide these
data, they are often unknowingly signing away their privacy,
which increases the possibility of privacy breaches [23].
Although research ethics boards (REBs) require removing
identifying information of research participants from data using
unique identifiers, such guidelines are rendered ineffective in
the context of social media data as participants’ relational links
are predictive of their attributes [24]. Nonetheless, Narayanan
and Shmatikov [25] stated that such anonymization of
participants’ data might be insufficient to protect social media
networks’ privacy.
Researchers need guidance to navigate the ethical and logistical
issues associated with using social platforms as a recruitment
tool other than the “Terms and Conditions” stated by the
application software providers [26]. Therefore, researchers often
turn to ethics boards within their institutions for guidance on
social media and internet recruitment; however, this information
is not always readily available. To determine this, we reviewed
the REBs of the top 10 higher education institutions in Canada
to identify any standard ethical guidelines currently being used
or recommended for using social media tools to recruit
participants for research studies beyond adopting the Tri-Council
Policy Statement on research. We used the QS World University
Ranking criteria, which determine universities’ rankings
worldwide based on 6 metrics [27]. This strategy was deemed
appropriate as these universities are known for their high-impact
research productivity. The results revealed that only 3
universities had guidelines available on social media use in
research studies, which further supported the need for this
integrative review (Multimedia Appendix 1). A standard
protocol that could be adopted by postsecondary institutions,
research organizations, and researchers could help mitigate the
pitfalls researchers encounter during participant recruitment for
research via social media applications. Such protocols may
facilitate the research process, expedite data collection, and
ensure that digital research recruitment practices protect
participants’ data and rights.
Regarding the published literature, only 1 review [15] examined
the evidence of cost, effectiveness, and the characteristics of
participants recruited through Facebook compared with other
web-based, social media, and traditional recruitment methods
for adult health research. Little is known about the use of other
social media platforms for participant recruitment in health
research. Therefore, this study was warranted to address these
gaps in the literature.

Objectives and Research Questions
This review sought to examine the evidence available on all the
applications identified as social media tools and identify the
best practices to facilitate participant recruitment through these
tools. We addressed the following research questions:
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2.
3.
4.

What are the different social media tools commonly used
by health science researchers for recruiting research
participants and in what populations?
What is the proportion of nursing researchers who use social
media platforms for recruitment?
What are the benefits and challenges of using social media
to recruit research participants?
What are the best practices and ethical considerations for
using social media tools to recruit research participants?

Methods
Overview
An integrative review guided by the Whittemore and Knafl [28]
framework was conducted. This review type allows for the
inclusion of diverse research methodologies and data sources
to understand and generate new knowledge on the phenomenon
of interest [28,29]. A comprehensive search strategy was
formulated in consultation with a health science librarian. The
initial search was conducted on October 11, 2020, and updated
on February 24, 2022, in the EMBASE (Ovid), MEDLINE
(Ovid and EBSCOhost), PsycINFO (Ovid), Scopus (Elsevier),
and CINAHL Plus with Full Text (EBSCOhost) databases using
a search strategy of keywords and subject headings through an
iterative process (Multimedia Appendix 2). The criteria for
eligibility were (1) all types of published research on primary
and secondary studies, including qualitative, quantitative, and
mixed methods; (2) discussion papers, white papers, reports,
brief reports, specific guidelines, conference proceedings,
dissertations, and published manuscripts that reported on social
media use; (3) research reports published between January 2000
and February 2022; and (4) research reports that focused on
research participant recruitment and advertisements on social
media platforms, including all types of populations and health
sciences disciplines, and (5) all geographical locations. The
following articles were excluded: (1) non–English-language
articles; (2) unpublished manuscripts and non–peer-reviewed
publications such as descriptive papers, editorial papers, opinion
papers, letters, book reviews, and article reviews; (3) review
articles (scoping, integrative, narrative, and systematic) already
published on the topic; and (4) all non–health sciences articles.
The time frame for the published reports was chosen to capture
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the contemporary views that reflect the trends and popularity
of digital platforms in participant recruitment.

Data Evaluation and Analysis
Records from the databases (initial search N=1197) were
retrieved and imported into the Covidence Management
Software for data screening and extraction. Overall, 2 reviewers
(EMD and MK) independently conducted the screening process
in Covidence, screening titles and abstracts, followed by full-text
screening. All decisions made to either include or exclude
records against the predetermined inclusion and exclusion
criteria were documented. Where conflicts arose, the 2 reviewers
consulted and resolved them through a voting process. We
conducted another search on February 24, 2022, to update the
results. The PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) Protocols template in Covidence
was used to map out the screening process, and the results as
shown in Figure 1.
The following details were extracted from the included records:
name or names of the author or authors, year of publication,
country of publication, study design, study population, total
number recruited, total number of participants enrolled or
recruited through social media, social media platform used,
other recruitment strategies, type of advertisement (paid or not
paid), incentives provided, whether the study was funded,
limitations of social media reported by the authors, and duration
of advertisement (Multimedia Appendix 3 [2,18,20,30-115]).
The extracted data from these records were analyzed by
identifying codes and categories to characterize emerging
themes, patterns, trends, and relationships to aid in synthesizing
the findings logically and coherently. In addition, descriptive
statistics were applied where appropriate to describe and
summarize the data pertinent to the distribution of research and
other characteristics. The Critical Appraisal Skills Program
[116] was used per the research methodology to appraise and
evaluate each of the included studies critically to ensure the
quality of the available evidence included in this review
(Multimedia
Appendix
4
[18,20,31,50,53,54,55,58,60,61,76,77,81,106,109,114]). The
studies were assessed and rated as “low quality” or “moderate
quality” based on their theoretical or methodological rigor [28].
Ethics approval was not required as this study did not involve
human participants.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2009 flow diagram.

Results
Overview
In total, 1197 records were retrieved from the initial database
search; in Covidence, 441 (36.8%) duplicate records were
removed from the imported references, and a total of 756
(63.2%) records were moved for screening. In the first stage of
screening, the titles and abstracts of each record were screened
for full-text review. In the second stage of screening, 187
full-text studies were reviewed entirely and assessed for
eligibility for inclusion or exclusion. For records that were not
available in the full text, the Health Science Library was
contacted to obtain those records. A total of 6 articles that
reported on conference proceedings were retrieved but did not
have any substantial information, as reported in the abstracts.
Nonetheless, the full texts of these articles were requested
through library services but could not be retrieved; thus, a
decision was made to exclude them from the results. It should
be noted that although the Covidence software automatically
https://www.jmir.org/2022/8/e38015
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removes duplicates, there were instances of errors where some
records were missed; therefore, removing these duplicates
manually was warranted. Of the initial search, a total of 83
records were included. The updated search returned a total of
89 records. Of the 89 articles, after 11 (12%) duplicates were
removed, a total of 78 (88%) articles were screened. A total of
23 articles underwent full-text review, of which 10 (43%) were
excluded as they did not meet the inclusion criteria, and 13
(57%) articles were retained and included in the review. Finally,
96 records were included in the review. In total, 114 records
were excluded (Multimedia Appendix 5).

Characteristics of Included Studies
The range of publication years of the articles included in the
review was between 2011 and 2022 (Multimedia Appendix 3).
Most publications were from the United States (63/96, 66%)
and Australia (20/96, 21%). Besides that, they were from Canada
(5/96, 5%), the Netherlands (2/96, 2%), and the United Kingdom
(2/96, 2%). There was only one publication from each of the
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following countries: Taiwan, Ecuador, India, and Brazil. Out
of the 96 included studies, 92 (96%) were papers reporting
primary research and 4 (4%) were reports on using social media.
The methodological approaches used were cross-sectional
studies (38/96, 40%), web-based surveys (15/96, 16%),
secondary data analysis (14/96, 15%), randomized controlled
trials (10/96, 10%), reports (4/96, 4%), mixed methods studies
(4/96, 4%), qualitative studies (3/96, 3%), cohort studies (3/96,
3%), clinical trials (3/96, 3%), quasi-experimental studies (1/96,
1%), and longitudinal studies (1/96, 1%).

Social Media Use by Nursing Researchers and Other
Health Researchers
We were interested in determining the proportion of nursing
researchers using social media; however, this was not easy to
identify as researchers have published studies that have used
social media for the recruitment of research participants in a
variety of interdisciplinary journals. On the basis of the journal
names where these articles were published, these researchers
could be from any health discipline, including nursing, medicine,
psychology, rehabilitation, nutrition, pharmacy, or public health.
Of the 96 included studies, 71 (74%) were published in general
health science journals or interdisciplinary journals
[18,20,26,30-92,117-121], and 25 (26%) were published in
nursing-related journals [2,93-115,122].

Social Media Tools Commonly Used by Health
Researchers
Researchers used a variety of social media platforms to recruit
participants, as reported in the included studies. Researchers

either exclusively used social media (43/96, 45%) or social
media in conjunction with other recruitment methods (49/96,
51%) to recruit participants (Multimedia Appendix 3). For
studies that exclusively used social media, ≥1 social media
platform was used simultaneously. Social media platforms
included Facebook, Twitter, Craigslist, Instagram, YouTube,
LinkedIn, Reddit, Snapchat, and Tumblr. For social media in
conjunction with other recruitment strategies, researchers used
the identified social media platforms in addition to blogs, social
media, Grindr, and WhatsApp Messenger. It was noted that, at
times, researchers used the term “social media” but did not
specify the type of social media used. In both approaches, most
participants relied on the use of Facebook for research
recruitment.

Age Groups of Research Participants Recruited via
Social Media
Although researchers used social media platforms for
advertisement and recruitment of participants for research, they
sometimes did not target specific populations. In addition, the
age group distribution of these populations varied, and the
definition of the age group differed depending on the study
aims. To address this, initially, the range of age groups was
specified as follows: children (aged <9 years), adolescents (aged
10-18 years), young adults (aged 19-35 years), middle-aged
adults (aged 36-55 years), older adults (aged 56-64 years), and
older adults aged ≥65 years. The included studies were then
scanned against this categorization to identify which age group
was most targeted for social media recruitment (Table 1).

Table 1. Age groups of research participants recruited via social media (N=92).

a

Age category

Participants, n (%)

Research studies

≥18 years

28 (30)

[30,31,33-35,40,48,50,52,57,58,70,73-76,78,79,81-83,90,94,97,108,111,112,114,115]

Age group: not specified

22 (24)

[2,32,36,39,56,66,68,86,89,92,93,96,98-101,103,105-107,110,119]

Two age categories

18 (20)

[20,38,41,42,46,47,49,53,55,58,61,63,64,72,84,87,95,102]

Age groups between 3 age categories

9 (10)

[37,44,54,62,67,77,80,85,117]

Age groups between 4 age categories

3 (3)

[60,71,91]

Age groups between 5 age categories

3 (3)

[65,69,113]

Adolescents

2 (2)

[18,120]

Age groups of ≥21 years

3 (3)

[52,88,109]

≥30 years

1 (1)

[51]

≥33 years

1 (1)

[104]

≥45 years

1 (1)

[45]

≥60 years

1 (1)

[43]

Age group of ≤9 years

0 (0)

—a

Not available.

Populations Targeted in Social Media Recruitment
and Their Characteristics
Researchers have targeted different populations in their research
studies. Largely, there were many studies (46/96, 48%) that
included the general population [2,18,20,31,32, 36,37,40,41,
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43,46,47,49, 51,54,55, 58,60,63,64,65, 67,69,70,71,72,73,74,77,
79,80,84, 85,91,92,93,94, 104,106,108, 112,114,115, 119,120].
In addition, a significant proportion (36/96, 38%) of the included
studies focused on recruiting hard-to-reach populations (Table
2). Hard-to-reach populations are groups that are socially
disadvantaged and present a challenge to access for researchers
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an ethnic minority group. A few studies applied social media
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recruitment to target health care professionals as research
participants
(10/96,
10%)
[96,98,99,100,101,103,105,106,107,113].

Table 2. Hard-to-reach populations targeted in social media recruitment.
Population

Records

Addiction: smoking and alcohol

[30,35,37,38,44,48,50,52,81]

Medical disease conditions: survivor of cancer, autism spectrum disorder, Lynch
[34,39,42,53,56,58,61,66,68,89,97,107,111]
syndrome, people living with HIV, asthma, obstructive pulmonary disease, depression,
and kidney transplant recipient
Lifestyle: men who have sex with men

[33,57,78,82,83,90]

Ethnic minorities: low-income and racial minority

[45,62,75,76,86,88,95,102]

Cost-effectiveness, Efficacy, and Feasibility of Social
Media in Comparison With Other Recruitment
Methods
The costs of recruitment reported in all the included studies are
presented in tabular form (Tables 3 and 4) to help ascertain how
money was dispensed, as well as the cost-effectiveness of each
recruitment strategy. However, it was noted that although some
researchers included personnel costs, advertising costs, and
other recruitment costs in the total cost, other researchers did
not include these costs. Hence, researchers should use only this
information as a guide. Few studies specifically compared social
media effectiveness to other platforms with the goal of
establishing cost-effectiveness, efficacy, and feasibility. In this
review, 7% (7/96) of the included studies aimed to determine
the effectiveness of social media compared with other
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recruitment strategies [39,51,52,58,70,74,106], and 9% (9/96)
of studies that did not compare social media platforms with any
other strategy [30,38,41,46,63,72,73,93,111] found social media
as an effective recruitment strategy in both instances.
Few studies did not conclusively find social media to be
cost-effective or efficient. The findings reported by these
researchers differ because of the different populations targeted,
scale of recruitment, and whether the research was funded. In
their funded study, Moreno et al [18] found that in-person
strategies yielded more participants in a geographic area at a
lower cost than social media, and the cost per enrollee by social
media was higher than that of traditional methods. In addition,
Frandsen et al [48] suggested that Facebook was cost-effective
in obtaining eligible participants at the initial stage of the
recruitment process. The mailing of letters was cost-effective
compared with Facebook, according to Waltman et al [106].
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Table 3. Cost of social media recruitment methods.
Study and social media

Cost per person

Total cost

US $8.73

US $2950

Social media advertisements, posts, and email blasts

US $40.44

US $3033.11

Social media posts and website banner advertisements

US $15.86

US $1380

Social media posts and film festival entrance wavier

US $2.78

US $6297.66

US $1.46

US $275

Facebook

Aus $105.77 (US $73.07)

—a

Twitter

Aus $422.03 (US $292.08)

—

YouTube

Aus $81.31 (US $56.27)

—

Aus $42.34 (US $29.30)

Aus $5842.30 (US $4043.35)

Facebook

Aus $61.68 (US $42.69)

Aus $33,738.52 (US $23349.83)

Twitter

Aus $61.52 (US $42.58)

Aus $61.52 (US $42.58)

—

Aus $28,571.54 (US $19,773.86)

US $40.99

—

—

Free

—

US $14,825

US $119.38

US $5252.83

US $40.51 (randomized)

US $49,791.49

Facebook

US $498 per couple

US $10,966

Facebook

US $181 per couple

US $4145

—

US $500

US $66.46 (randomized)

—

Aus $56.34 (US $38.99)

Aus $5183.33 (US $3587.29)

Facebook

US $794

US $5704

Facebook

US $1426

US $2383

Ahmed et al [39]
Facebook
Wilkerson et al [82]

Gioia et al [52]
Craigslist
Musiat et al [64]

Frandsen et al [50]
Facebook
Byaruhanga et al [35]

Harris et al [55]
Facebook
Moreno et al [18]
Social media (Facebook, Twitter, and blogs)
Wilkerson et al [83]
Facebook and Twitter
Guthrie et al [54]
Facebook
Waltman et al [106]
Facebook
Watson et al [81]
Facebook
Derrick et al [44]

Carter-Harris et al [117]
Facebook
Jones et al [95]
Facebook
Frandsen et al [48]
Facebook
Juraschek et al [58]

Iott et al [57]
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Cost per person

Total cost

Grindr

US $87.35

US $1747.40

Scruff

US $69.30

US $207.90

Facebook

US $149.90

US $170.69

Facebook groups

—

US $10.40

Facebook

€10.88 (US $11.13)

€315.52 (US $322.89)

Facebook

€9.48 (US $9.70)

€284.48 (US $291.13)

Untargeted Facebook

Aus $68 (US $47.06)

Aus $1438 (US $995.21)

Targeted Facebook

Aus $42 (US $29.07)

Aus $7721(US $5343.57)

Aus $5.94 (US $4.11)

Aus $1107 (US $766.14)

US $42.21

US $21,867

Facebook

US $49.48

—

Reddit

US $182.78

—

US $334

US $9020

US $1.78

US $952.81

—

US $120,000

—

US $215

€22.42 (US $22.94)

€17,000 (US $17,397.12)

van Gelder et al [77]

Alley et al [70]

Gilligan et al [51]
Facebook
Barney et alb [84]
Facebook and Instagram
Moseson et alb [85]

Salvy et alb [20]
Facebook
Stuart and Mooreb [96]
Facebook
Cho et alb [97]
Facebook
Facebook
b

Spahrkäs et al [89]
Facebook
a

Not available.

b

Records from the updated search.
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Table 4. Cost of other recruitment methods.
Studies and other strategies

Cost per person

Total cost

—a

US $12,030

US $172.50

US $1380

US $116.88

US $33,311

Recruitment agency

Aus $100 (US $69.21)

—

Google advertisements

Aus $195.83 (US $135.53)

—

Aus $21.52 (US $14.89)

Aus $2065.46 (US $1429.47)

Gumtree

Aus $7.29 (US $5.05)

Aus $36.43 (US $25.21)

Web promotions and internet searches

Aus $43.76 (US $30.29)

Aus $437.56 (US $302.83)

Emails

Aus $128.67 (US $89.05)

Aus $2315.98 (US $1602.85)

Newspaper

Aus $50.28 (US $34.80)

Aus $2363.38 (US $1635.65)

Radio (interviews)

Aus $102.78 (US $71.13)

Aus $205.55 (US $142.26)

Magazine

Aus $85.41 (US $59.11)

Aus $170.81 (US $118.21)

Posters

Aus $566.65 (US $392.17)

Aus $566.65 (US $392.17)

Flyers

Aus $2546.29 (US $1762.24)

Aus $2546.29 (US $1762.24)

Telephone

Aus $3990.84 (US $2761.99)

Aus $3990.84 (US $2761.99)

Access to organizational websites

—

Aus $5890 (US $4067.96)

Posters

—

Aus $195 (US $134.96)

Face-to-face events

—

Aus $43,000 (US $29,698.17)

Conference promotion

—

Aus $44,040 (US $30,416.45)

US $19.09

—

Mobile banner advertisements

US $375

US $3000

Browser banner advertisements

US $187.50

US $1500

US $356 per randomized participant

US $98,682

Provider letter

US $29.36

US $1703

Postcards

US $926.96

US $43,567.49

Newspaper advertisements and television interviews

US $330.12

US $1650.63

Press releases

—

US $1995

Mailed letters

—

US $4054

Google advertisements

US $34.71 (randomized)

US $3506

Web-based survey company

—

US $7644

Ahmed et al [39]
Radio
Wilkerson et al [82]
Website banner advertisements
Gioia et al [52]
Print newspaper
Musiat et al [64]

Frandsen et al [50]
Newspaper advertisements
Byaruhanga et al [35]

Harris et al [55]

Moreno et al [18]
In person
Wilkerson et al [83]

Guthrie et al [54]
Mailings
Waltman et al [106]

Watson et al [81]
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Cost per person

Total cost

US $303 per couple

US $3635

—

US $1224

US $149.62 (randomized)

—

Aus $52.33 (US $36.22)

Aus $4343.10 (US $3005.78)

Mailed brochure

US $799

US $51,950

Periodicals

US $437

US $10,906

Email groups

US $10.40

US $62.37

Personal networking

US $10.40

US $20.79

Unified staff

US $30.32

US $727.65

Bar outreach

US $1621.62

US $1621.62

Flyer per palm card

US $83.20

US $416

Publishing article in newsletter

—

US $20.79

Google AdWords

€54.28 (US $55.52)

€325.66 (US $333.12)

Care providers

—

—

Google AdWords

Aus $495 (US $342.58)

Aus $495 (US $342.58)

Posters

Aus $52 (US $35.99)

Aus $574 (US $397.26)

Health care leaflets

Aus $66 (US $45.68)

Aus $990 (US $685.16)

Letterbox drop

Aus $135 (US $93.43)

Aus $2425 (US $1678.30)

Newspaper advertisement

Aus $145 (US $100.35)

Aus $726 (US $502.45)

Community calendar

Aus $12 (US $8.30)

Aus $70 (US $48.45)

Newspaper article

Aus $3 (US $2.08)

Aus $53 (US $36.68)

Derrick et al [44]
Targeted mailing
Carter-Harris et al [117]
Newspaper advertisements
Jones et al [95]
On ground
Frandsen et al [48]
Newspaper advertisements
Juraschek et al [58]

Iott et al [57]

van Gelder et al [77]

Alley et al [70]

Gilligan et al [51]
Social networks, flyers, websites, posters, recruitment cards, email, Aus $58.70 (US $40.63)
and media coverage

Aus $4349 (US $3009.87

Barney et alb [84]
Clinic-based and in person

US $865.93

US $102,180

US $265.93

—

Targeted mailings

US $217

US $2387

In-person recruitment

US $290

US $11,328

US $375.00

—

Moseson et alb [85]
Google advertisements
b

Salvy et al [20]

Stuart and Mooreb [96]
Association journal
Cho et alb [97]
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Total cost

Personal outreach

—

—

Public outreach

—

US $1686.04

—

—

Spahrkäs et alb [89]
—
a

Not available.

b

Records from the updated search.

Best Practices and Strategies Used to Enhance Social
Media Recruitment
Diverse advertisement strategies are adopted by researchers
when recruiting research participants through social media
platforms. Each social media platform advertisement differs in
specification, advertisement content, word count, and design
language [47]. In the included studies, researchers identified
and used one or multiple paid, targeted advertisement campaigns
with different themes to reach potential participants on various
platforms within a specific advertisement duration. Some models
of advertisement included the use of paid targeted advertisement
[18,30,31, 37,39-44, 46-52,54, 58-60,63, 65,69-75, 77,78,80,
81,91,93, 95,102,109, 113,114,117,119,120]. In addition, some
researchers used untargeted advertisements [38,62,111],
untargeted but paid advertisements [45,74], “boosted” posts
[94,106], posts [34,61,76,90,105,110,115], both advertisements
and posts [55,57,64,68], tweets [79,104,108], targeted
advertisements and posts [36], advertisements [56], blasts [33],
paid and unpaid social media channels [32,35], and messengers
[92] to strategically advertise and recruit their potential
participants.
Another identified strategy was the use of cost-related model
strategies to determine the cost of the advertisements.
Researchers who are engaged with any social media platform
to advertise and recruit participants are billed by cost per click,
cost per thousand impressions, cost per view, or cost per action
or per conversion [125]. With the cost per click model,
researchers are billed when a potential participant clicks on the
advertisement. This approach was one of the most preferred
models for researchers in the included studies used for
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advertising. The cost per click model budget is set at a daily,
weekly, or lifetime spending limit depending on the researcher’s
choice [18,30,33,38, 40,41,46, 47,48,51, 54,55,59, 60,64,69,
71,73,74, 75,77,80, 93,102, 111,126,129].
Researchers also noted considerations related to the display and
design of an advertisement for a desktop application, which
differed from that of a mobile app, and this affected how
participants viewed and reacted to the recruitment advertisement.
The displayed advertisements targeted either the user’s browser
or the newsfeed [91,117]. For Facebook, the advertisement is
displayed on the user’s web browser [58] or on the right-side
panel of the Facebook newsfeed or placed directly in the
newsfeed [47,55,65]. For Instagram, images are displayed in a
linear format. Snapchat images are displayed using the story
feature [47], and on Grindr, advertisements are displayed as
pop-ups [57]. Therefore, cost is an influencing factor that
determines the placement of the advertisement and the social
media application of choice, thereby influencing the decisions
that researchers make regarding recruitment.
Some researchers identified ethical challenges inherent to social
media recruitment, such as privacy, confidentiality, and
informed consent, and provided strategies to minimize the
challenges for the researcher and the potential participant. The
strategies offered and reported in the included studies included
the use of a study-specific page for recruitment
[2,51,76,78,82,91,94,107,112,113] and the use of secure landing
sites
or
study
webpages
for
data
collection
[35,43,48,50,58,75,106,118]. In addition to the strategies
proposed by health researchers, there were 4 reports identified
in the included studies that outlined guidelines and
recommendations for social media recruitment (Table 5).
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Table 5. Recommendations for best practices on social media recruitment.
Study

Study purpose or aim

Key findings

Recommendation

Curtis [118] (the
United States)

To outline ethical challenges
associated with social media
recruitment

Social media platforms are challenged with
issues of confidentiality, informed consent,
and privacy issues.

Recruiting participants through secure landing
sites; researchers regularly reviewing social
media websites for regular updates; verifying
participants’ age through cross-checking with
other information may provide solutions to the
challenges; setting web-based quizzes to test
participant competency; and providing a summary of the research study via email

Kamp et al [122]
To examine and describe the
The Facebook platform presents an inherent
(the United States) challenges of the Facebook re- challenge with privacy, data security, and recruitment method and provide cruiting participants.
recommendations

Researchers can implement a multifactor authentication process to access research data and regularly review the privacy settings and policies
on social media sites

Gelinas et al [26]
(United States)

To examine the norms governing social media recruitment
and analyze the ethics of recruiting, and the implication of webbased communication

The foundational norms in research ethics
The authors proposed a checklist that researchers
include respect for persons, beneficence, and can use in social media recruitment
justice; however, in social media, the key
norms governing social media recruitment
include respect for privacy and researcher’s
transparency. The lack of regulatory guidance
on ethics in social media recruitment poses
a risk for ethical issues.

Bender et al [121]
(Canada)

To develop a framework on
The Privacy by Design framework evaluates Adhering to the Privacy by Design framework,
ethics and privacy for social
the privacy strengths, thereby providing pri- which provides privacy-enhancing measures
media and internet recruitment vacy protection in web-based recruitment.
such as developing privacy notices, disabling
comment features, or monitoring comments and
removing identifiable information before it becomes public

Discussion

used a smaller number of studies to draw this conclusion, their
findings are still significant, considering this review.

Principal Findings

Researchers from different health disciplines, including nursing,
medicine, public health, mental health, and pharmacy, have
used social media for recruitment and have published their
findings in a variety of journals. Some of these journals are
discipline specific or interdisciplinary. This suggests different
avenues for health researchers to publish their work. Within the
nursing discipline, nurses are increasingly using social media
for the recruitment of research studies, as published in multiple
nursing and nonnursing journals. However, there are
opportunities to continue promoting the use of social media
among nurses for research and educational purposes.

Although we intentionally excluded 13 reviews from this study,
7 (54%) of them are discussed here against the findings of our
review. The results from our review show an increased interest
in using social media for research recruitment by researchers
from different health disciplines in which social media strategies
have fulfilled researchers’ recruitment needs. Considering the
wide range of publications, the scope of this literature review,
and the social media applications examined in this review, it
can be concluded that the use of social media is on the rise, as
evidenced by the increase in the number of publications in the
past few years. The different research methods identified in the
included studies suggest increased use of social media for a
variety of research methods. Notably, a few of the included
studies recruited participants for clinical studies, with most
recruiting participants for cross-sectional studies. Despite social
media’s reach within a broad geographic location, health
researchers are still challenged with participant recruitment for
clinical trials. This suggests that social media may be best suited
for recruiting participants for noninterventional studies.
Researchers recruiting for clinical trials may have to diversify
their recruitment strategies to reach their recruitment goals until
a comprehensive strategy to navigate social media platforms is
established. This finding is similar to that of the review by
Topolovec-Vranic and Natarajan [127], which found that only
a few studies used social media to recruit participants for
interventional studies as opposed to observational studies.
Although the Topolovec-Vranic and Natarajan review [127]
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On the basis of this review, researchers used different social
media applications to advertise and recruit potential research
participants. The preferred social media applications were
Facebook, Instagram, Snapchat, LinkedIn, Twitter, Grindr,
Reddit, Tumblr, WhatsApp, Craigslist, YouTube, and blogs to
be used either solely to recruit or in conjunction with other
recruitment strategies to achieve recruitment and study goals.
Owing to its popularity among users and global penetration,
Facebook was the most widely used application among
researchers. Different social media applications enabled
researchers to recruit participants with different demographics
and characteristics. For instance, Facebook was used to recruit
younger participants [77,113] and older individuals [67],
whereas other researchers recruited young people through
Tumblr [61]. This finding is similar to that of Arigo et al [128],
who identified web-based platforms such as social networking
sites (Facebook, Twitter, Instagram, Tumblr, and LinkedIn) as
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some of the common platforms that health researchers use to
recruit research participants, including a diverse population for
their research studies. In addition, researchers used multiple
approaches and strategies to recruit participants. An
approximately equal number of participants were recruited
through social media alone or social media in conjunction with
other strategies. This finding agrees with the general literature
on the increasing acceptance of digital platforms for recruitment
and with some health researchers using social media and
traditional methods [129] for recruitment. In addition to the
findings in this review, reviews conducted by some researchers
[15,127,130-134], although focusing on only one social media
application or using the term “social networking sites” broadly
in their research, exclusively and comprehensively reported on
a wide range of different social media applications used in
research recruitment.
The different social media platforms used to target the different
groups of populations such as the general population,
hard-to-reach populations, and specialized populations,
depended on the research aim. The hard-to-reach populations
included people with addictions, sensitive health issues, ethnic
groups, and poor and stigmatized populations [135]. Social
media was found to be effective in reaching and recruiting
hard-to-reach potential participants who were otherwise
unreceptive to traditional recruitment methods because of their
conditions and representations within their communities and
society [50]. Researchers must weigh all available options to
determine the best approach to proceed when recruiting from
these populations.
The age group distribution of the research participants included
in this review spanned different age categories. As shown in
Table 1, the most targeted population from an age perspective
was young adults. According to Kemp [10], the engagement of
social media platforms among youth stands at 58% between the
ages of 16 and 24 years. This is not surprising because of the
acceptability of social media among youth who are considered
technology savvy and their tendency to use social media
regularly. As such, targeting such an age group for research
studies can lead to increased participation. An observation of
interest in this review is the low involvement of children and
adolescents aged <18 years and older adults. Only 2% (2/96)
of studies [18,120] involved adolescents between the ages of
13 and 14 years. As researchers require parental consent among
the children and the adolescent group, research studies involving
these groups are relatively limited. This finding is similar to
that of Amon et al [130], who suggested that instead of focusing
on adolescents who require parental consent, targeting parents
or guardians of the intended group could help waive parental
consent.
For older adults, the usability of social media platforms presents
a challenge, such as platform design and content, as these
platforms are tailored to the interests of the younger population
[136]. Owing to the complex design, nature, and privacy-related
concerns associated with social media platforms, older adults
are more comfortable and familiar with traditional forms of
recruitment than social-mediated platforms [137]. Other barriers
encountered by older adults include intrapersonal, interpersonal,
functional, and structural elements that hinder the use of social
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media platforms [138]. Although social media presents a
challenge for recruitment in the older population, researchers
can continue to explore traditional methods in such populations
to offer an equal chance of participation in research studies. The
trade-off between using traditional methods and social media
for recruiting research participants is a complicated issue,
requiring health researchers to weigh options and the benefits
and risks to the participant and the research study, as well as
more creative ways of engaging low participating groups.
There is a debate on the cost-effectiveness of social media in
the literature. Some studies found the social media method to
be cost-effective, whereas other studies disagree with this
assertion [18,58]. In this review, the cost of other recruitment
strategies compared with social media recruitment strategies
was presented as part of this review to assist researchers in
making an informed decision (Tables 3 and 4). In addition, in
this review, the factors that influenced the cost associated with
recruitment varied from one study to the next. Some researchers
reported advertising, recruitment, and other administrative costs
as the total cost, whereas others reported only aspects of social
media advertisement and recruitment as the total cost. Owing
to the inconsistency in cost reporting, having a standardized
cost reporting system to maintain consistency would help to
effectively determine whether social media recruitment is
cost-effective. On the basis of the analysis of the
cost-effectiveness of both social media and other recruitment
strategies, this review found that social media was viewed by
researchers as a cost-effective strategy. Although 28% (27/96)
of studies in this review reported on the cost of social media
compared with other recruitment methods, not all researchers
found social media as a cost-effective method. Nonetheless,
given that a large proportion of these studies found social media
to be cost-effective, this review supports this conclusion.
Compared with the previously published reviews by Reagan et
al [15] and Topolovec-Vranic and Natarajan [127], this review
provides additional insights and includes a broader range of
studies. This review captured additional literature not included
in the review by Reagan et al [15], which relied only on 18
articles, of which only 10 articles reported on cost. In the review
by Topolovec-Vranic and Natarajan [127], the authors included
30 studies, of which 5 reported on cost-effectiveness, and 7 did
not find social media to be a cost-effective method. The findings
also revealed that the cost of recruitment for hard-to-reach
populations differs from that for the general population.
Jurascheck et al [58] found that recruiting through Facebook
advertisements for the African American population was costly;
however, advertisements were effective in directing eligible
participants to the website. Hence, researchers hoping to recruit
research participants through social media must consider these
factors to make decisive choices on the most suitable method
for recruitment.

Best Practices for the Use of Social Media in
Recruitment of Research Participants
Researchers are increasingly tapping into the available
opportunities to use social media platforms for their research
studies. However, there is a need for best practices to guide this
process. To adequately explore and navigate social media
platforms successfully for recruitment, adhering to best
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practices, including those of ethical considerations (informed
consent, privacy, confidentiality, and transparency) that protect
the researcher and participants, is of utmost importance
[26,118,122]. In the review by Amon et al [130], the authors
found that participants recruited on web-based platforms were
subjected to the same ethical standards as though they were
responding to a traditional recruitment method. In that regard,
Gelinas et al [26] were of the view that REBs should standardize
social media techniques by clarifying their similarity to
traditional recruitment. Furthermore, the findings from the
review also establish the need to take additional steps to make
available informed consent through other means, where the
potential participants are well informed with detailed
information about the research study before participation. To
curb and curtail the complexities and complicated nature of
informed consent, the findings from this review support the
recommendations suggested by Herbell and Zauszniewski [94]
and Stokes et al [105] in their studies to make an information
sheet in a downloadable version available for participants and
send web-based consent forms to potential participants after
meeting the eligibility criteria. To maintain the confidentiality
of both researchers and participants, Shaver et al [71] suggested
using anonymous surveys and directing interested participants
through a survey link to a landing page for study information.
Researchers are discouraged from directly recruiting participants
on social media platforms but instead using the social media
platform to advertise, as the confidentiality and privacy of
participants’ data cannot be guaranteed. To further ensure the
provision of privacy, Bender et al [121] used privacy-enhancing
measures aligned with the principles of Privacy by Design by
disabling the comment feature, developing privacy notices for
social media campaigns, sending disclaimers about the privacy
risks of social media pages, and building privacy protection into
the recruitment strategy. Although the tenets of the foundational
principles were incorporated to avoid privacy-related issues,
Bender et al [121] were of the view that the principles of
transparency and user-centric options of Privacy by Design
provide inadequate guidance on how to design privacy notices
using these key principles.
In addition, some factors were identified to influence
advertisements, such as advertisement targets, crafting of
multiple advertisement campaigns with different wordings and
themes, rotating and alternating advertisements, payment model,
duration of the advertisement, and location of the advertisement
on the social media platform. To favorably achieve the results
of recruiting an increasing number of participants for research,
researchers advertising on social media must strategically reach
out to their participants. On the basis of the findings of this
review, using an appealing image and simple and consistent
language through both the text caption and image [69] influences
and attracts participants to the study. Some social media
platforms’ advertising policies provide details on advertisement
content, including the choice of words and counts and the
duration of an advertisement on their platforms. The
advertisement policies differ from platform to platform.
Researchers must research any platform they wish to engage
in, understand the policies, and adhere to them. In addition,
working with REBs on social recruitment messages and
strategies helps avoid ineffective strategies and enhance ethical
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conduct. Incorporating prescreening questions before allowing
participants to enter details for study participation reduces the
rate of ineligible participants and maximizes the reach and
sample representativeness. Researchers can use these
applications simultaneously because of the feasibility of
incorporating social media platforms such as Instagram,
Snapchat, and Facebook into a study without difficulty [47].

Implications
The findings from the review show the increasing accessibility
and multifunctionality of social media platforms that could be
leveraged to further support health science research. In fact, one
of the benefits of social media for conducting research
recruitment has been amplified during the COVID-19 pandemic
because of the limitations to in-person recruitment, thus
sustaining the continuity of research.
Generally, social media platforms provide avenues for a practical
approach to reaching diverse, extensive, and targeted audiences
[139] or populations, particularly those that are hard to reach.
Further research may be needed to understand the barriers to
and facilitators of older adults’ engagement with social media
platform recruitment.
Although different approaches to recruitment, advertisement,
cost determination, and efficiency reporting can challenge
novice researchers planning to use social media, there are ways
of mitigating some of these challenges. For example, with the
availability of funds and resources, researchers can benefit from
hiring specialized companies or third-party service organizations
to assist with the marketing and development of social media
recruitment strategies and other innovative recruitment
approaches targeting potential research participants. It is also
recommended that these strategies be discussed and coordinated
with the researcher’s academic institution’s REB to ensure no
risks to participants.
The lack of explicit regulations by REBs to guide researchers
continues to prevent the full exploration of social media
platforms to support health science research. As such,
stakeholders and collaborative efforts from research-based
organizations, academia, researchers, think tanks, and student
groups must partner to develop guidelines that reflect the use
of social media in research studies. The different guidelines
developed and published by researchers and academic
institutions can provide a context for what is available.
Therefore, based on our review, we propose a tentative
description or guideline to guide researchers based on what we
have synthesized from the literature included in this review
(Multimedia Appendix 6). Ultimately, this guide could serve
as a starting point to inform stakeholders in the development
of a standardized protocol to guide health science researchers
in the use of various social media platforms for research
participant recruitment.
Finally, there are opportunities to advance health science
education regarding social media use in general and its use for
the recruitment of research participants. As students become
technologically savvy, incorporating social media into their
learning process will allow them to effectively engage with the
platform. Schools can also provide guidelines on social media
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platforms on their websites to enhance learning about their
applications in research processes. In addition, teaching students
about best practices that support professional social media use
and including social media applications as part of ethics training
programs are also recommended.

Strengths and Limitations
The findings of this review offer a broad perspective on the use
of social media platforms for participant recruitment by health
researchers. A large number of studies were included for
analysis in this review. The timelines for the included studies
span >20 years and provide sufficient time to capture all studies
published during the popularity of social media. This study
comprehensively synthesized available literature from all health
science disciplines. However, the review was limited to studies
reported only in English.

Conclusions
The purpose of this integrative review was to explore the
literature on recruiting participants for research studies through

Darko et al
social media application tools and identify best practices to
assist researchers in conducting research participant recruitment
via social media tools. This integrative review expanded on the
review by Reagan et al [15], which focused primarily on
Facebook, by including other social media applications used
by health researchers to recruit research participants, such as
Facebook, Craigslist, Instagram, LinkedIn, Reddit, Tumblr,
Twitter, and YouTube. Overall, the findings showed that social
media is a suitable, viable, and cost-effective channel for
recruiting research participants, despite some challenges
associated with its use. Health researchers are increasingly
embracing various social media platforms in their research to
recruit participants from various age groups and diverse
backgrounds; however, there is less use of social media to recruit
older adults. Adhering to best practices when targeting various
populations through social media advertisements is vitally
important to protect participants’ and researchers’ rights and
increase participation. REBs must proactively provide protocols
and best practice guidelines that researchers can apply during
the advertisement and recruitment of research participants.
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Abstract
Background: The adoption and use of technology have significantly changed health care delivery. Patient experience has
become a significant factor in the entire spectrum of patient-centered health care delivery. Digital health facilitates further
improvement and empowerment of patient experiences. Therefore, the design of digital health is served by insights into the
barriers to and facilitators of digital patient experience (PEx).
Objective: This study aimed to systematically review the influencing factors and design considerations of PEx in digital health
from the literature and generate design guidelines for further improvement of PEx in digital health.
Methods: We performed an umbrella systematic review following the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) methodology. We searched Scopus, PubMed, and Web of Science databases. Two rounds of small
random sampling (20%) were independently reviewed by 2 reviewers who evaluated the eligibility of the articles against the
selection criteria. Two-round interrater reliability was assessed using the Fleiss-Cohen coefficient (k1=0.88 and k2=0.80). Thematic
analysis was applied to analyze the extracted data based on a small set of a priori categories.
Results: The search yielded 173 records, of which 45 (26%) were selected for data analysis. Findings and conclusions showed
a great diversity; most studies presented a set of themes (19/45, 42%) or descriptive information only (16/45, 36%). The digital
PEx–related influencing factors were classified into 9 categories: patient capability, patient opportunity, patient motivation,
intervention technology, intervention functionality, intervention interaction design, organizational environment, physical
environment, and social environment. These can have three types of impacts: positive, negative, or double edged. We captured
4 design constructs (personalization, information, navigation, and visualization) and 3 design methods (human-centered or
user-centered design, co-design or participatory design, and inclusive design) as design considerations.
Conclusions: We propose the following definition for digital PEx: “Digital patient experience is the sum of all interactions
affected by a patient’s behavioral determinants, framed by digital technologies, and shaped by organizational culture, that influence
patient perceptions across the continuum of care channeling digital health.” In this study, we constructed a design and evaluation
framework that contains 4 phases—define design, define evaluation, design ideation, and design evaluation—and 9 design
guidelines to help digital health designers and developers address digital PEx throughout the entire design process. Finally, our
review suggests 6 directions for future digital PEx–related research.
(J Med Internet Res 2022;24(8):e37952) doi:10.2196/37952
KEYWORDS
digital health; eHealth; telemedicine; telehealth; mobile health; mHealth; patient experience; user experience; influencing factors;
user-centered design; human-computer interaction
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Introduction
Background
Recently, there has been a significant increase in the use of
digital health technologies. In addition, many countries currently
use digital health technologies to support health care service
delivery to overcome the disruptions caused by the COVID-19
pandemic. These include web-based patient consultations and
requesting pharmacy and medication refills [1]. Digital health
offers care without the risk of exposure to the virus, especially
for vulnerable patients such as older adults and patients with
chronic diseases [2]. Before the COVID-19 pandemic, there
was increasing recognition of the potential of digital health to
improve the accessibility of health care in different clinical
settings (eg, ambulatory care, acute care, and inpatient care)
[3]. Digital health provides an opportunity to both reduce the
costs of care and improve patient affordability [4,5], and
previous research suggests that digital health has the potential
to provide health prevention, consultation, treatment, and
management [5-10]. With digital health solutions continuing to
grow in both number and functionality, patient interest in digital
health has rapidly increased, leading to an expanding reliance
on digital health technologies [11].
As digital health has become a more familiar term, it has
generated many definitions, and the concept has been expanded
to encompass a much broader set of scientific concepts and
technologies [12]. These include digital health applications,
ecosystems and platforms [13], patient portals [14], mobile
health apps [15], eHealth records, and appointment scheduling
applications [16]. For the purposes of this study, we will use
eHealth, mobile health, telemedicine, telehealth, virtual health,
remote health, electronic consultations, and health information
systems (HISs) as interchangeable terms for digital health.

Patient Experience in Digital Health
Digital health has the potential to improve patients’ overall
health care experience [17-19]. However, there is currently no
common concept for describing patient experience (PEx) in
digital health. Neither the general PEx nor user experience (UX)
adequately reflects the experience of a patient using a digital
service. For example, in a hospital setting, the environment’s
cleanliness, background noise, and even food provision could
affect PEx [20]; however, these factors would not be expected
to influence the experience of a patient using a digital service.
Similarly, the fact that the system passes usability heuristics
does not necessarily mean that the overall experience of a patient
using digital health services is positive [21]. Therefore, it is
vital to understand the experiences of individuals using digital
health and how the design of new technologies can affect them
[17,22,23].
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information, physical comfort, emotional support, involvement
of family and friends, individualized approaches, responsiveness
of services, and continuity of care [19,25-27]. These core
elements of PEx help to recognize patients’ priorities when
receiving care and in providing patient-centered care. However,
patients’ priorities may differ for digital health, in which
traditional face-to-face interaction is replaced by human to
digital interface interaction. Therefore, to address patient
priorities in digital health, it is essential to consider UX in the
design of digital health [28]. In this study, we define UX as a
person’s perceptions and responses that result from the use or
anticipated use of a product, system, or service [18,29]. Usable,
useful, findable, accessible, credible, valuable, and desirable
products are more likely to succeed in delivering a positive UX
[30]. However, the full impact of digital health technologies on
PEx or UX still remains unclear [31]; some products even result
in negative effects such as increased patient anxiety [32].
Therefore, more insights into the barriers to and facilitators of
individuals’ experiences with digital health are required [33].

Objectives
The objectives of this paper were to systematically review (1)
the factors that influence PEx in digital health and (2) the design
considerations of PEx that are in digital health. The overall aim
was to generate a design framework and guidelines for further
improving PEx in digital health.

Methods
We performed an umbrella systematic review compiling
evidence from multiple systematic reviews [34] on PEx and
UX in digital health. This review was conducted according to
the PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) methodology, which is an evidence-based
minimum set of items for reporting in systematic reviews and
meta-analyses [35].

Digital PEx Working Definition
Throughout this study, we use the term digital PEx as a working
definition to describe people’s experiences in various digital
health contexts. As the study progressed, the definition
underwent several revisions, which resulted in a more inclusive
final definition.

Search Strategy
We searched Scopus, PubMed, and Web of Science for studies
published between January 1, 2000, and December 16, 2020.
The search time window was limited to 2000 as the term digital
health was first introduced by Frank [36] in 2000. To be
inclusive, we used broad interchangeable search terms with
varying combinations of digital health, PEx, and UX:
1.

The concept of (nondigital) PEx has many definitions in general
health care practice and research. The Beryl Institute defines
PEx as “the sum of all interactions, shaped by an organization’s
culture, that influence patient perceptions, across the continuum
of care” [24]. Other definitions and studies note that the core
elements of optimized PEx include access to appropriate care,
patients’ active participation in care, a good patient-physician
relationship, reliable evidence-based care, comprehensible
https://www.jmir.org/2022/8/e37952
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2.

Category 1: “patient experience” OR “health experience”
OR “user experience” OR “customer experience” OR “client
experience”
Category 2: “ehealth” OR “e-health” OR “mhealth” OR
“m-health” OR “telehealth” OR “tele-health” OR “digital
health” OR “virtual health” OR “remote health” OR
“telemedicine” OR “telemonitoring” OR “teleconsultation”
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Category 3: “patient digital experience” OR “patient
experience in digital health” OR “e-patient experience” OR
“epatient experience” OR “online patient experience”

paper inclusion and exclusion were resolved by discussions
with the research team (TW, GG, MM, and RG) when necessary.

After combining categories 1, 2, and 3, limits were set to restrict
studies to English-language literature reviews published in
journals after 2000. The final search strategy was ([category 1
AND category 2] OR category 3) AND (DOCTYPE [review])
AND (PUBYEAR>2000) AND (LIMIT-TO [SRCTYPE,
“journal”]) AND (LIMIT-TO [LANGUAGE, “English”]).
Google Scholar was used as an additional database to manually
search for additional related references based on the snowballing
method during the review process.

Articles meeting the eligibility criteria were imported into
ATLAS.ti (Scientific Software Development GmbH; version
9.0.7; 1857) for data extraction. Data were extracted for the
following aspects: (1) study characteristics, including authors,
year of publication, research aims, review methods, target users,
and digital health intervention (DHI) characteristics; (2) the
overall impression of digital PEx (eg, the foci or types of
findings regarding digital PEx); (3) influencing factors of digital
PEx; and (4) design considerations for improving digital PEx.

Selection Criteria

We used the Braun and Clarke 6-phase thematic analysis method
[37] to analyze the extracted data; these include (1)
familiarization with the data, (2) generation of initial codes, (3)
searching for themes among codes, (4) reviewing themes, (5)
defining and naming themes, and (6) producing the final report
(analytical themes). A total of 4 researchers participated in the
review process. After data familiarization, a set of a priori
categories was defined by TW and refined by all the coauthors
(Table 1). The coding was based on the Performance of Routine
Information System Management (PRISM) framework [38],
which states that routine HIS performance is affected by the
system’s inputs (ie, technical, behavioral [39], and
organizational determinants) and progress. Please note that other
elements of the framework (outputs, outcomes, and impact) are
discussed in another study addressing the evaluation of digital
PEx (work in progress).

Eligibility criteria were developed for title and abstract screening
and refined for full-text screening. The following inclusion
criteria were proposed by TW and GG and adjusted by MM and
RG:
1.
2.
3.
4.
5.
6.

No duplicated articles
Full text available
English language
Only completed peer-reviewed journal articles
Only review articles
Related to digital health (ie, use of information and
communication technology in health) and PEx, UX, or
health care experience

Screening Process
The collected articles were included in the final analysis if they
met all the inclusion criteria after a 2-stage screening process:
first, a title and abstract review, followed by a full-text review.
In the screening process, 2-round, small random samples (20%)
were independently reviewed by 2 reviewers (TW and GG) who
evaluated the eligibility of the articles against the selection
criteria. The interrater reliability and clarity of the selection
criteria were assessed using the Fleiss-Cohen coefficient until
it reached the required strength (≥0.60). Uncertainties around
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Data Extraction and Thematic Analysis

Group discussions among the authors were used to reach an
agreement on the produced a priori categories. TW quoted the
relevant data across the included reviews, generated initial codes
based on a priori categories, and then searched for themes among
codes. Frequently used terms in the included reviews were used
as inspiration to generate subsequent codes and themes. The
latter process was independently and randomly validated by
GG, MM, and RG.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37952 | p.74
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Wang et al

Table 1. A priori categories of influencing factors of digital patient experience based on the Performance of Routine Information System Management
framework [38].
Determinants and a priori categories

Description

Behavioral determinants
Patient capability

The individual’s psychological and physical capacity to engage in the concerned digital health activity

Patient opportunity

The individual’s internal conditions that enable or disrupt patients to engage in digital health

Patient motivation

The reflective and automatic brain processes that energize and direct patients’ goal setting and decision-making
and their behaviors regarding using digital health

Technical determinants
Intervention technology

The integration of telecommunications and computers, as well as necessary enterprise software, middleware, and
storage and audiovisual software, which enables users to access, store, transmit, understand, and manipulate health
information

Intervention functionality

The ability of digital health to work as expected to help users meet their health goals and needs

Intervention interaction design

The process of moving digital health from its existing state to a preferred state to optimize interactions between
patients and digital health interventions

Organizational determinants
Organizational environment The management of the health service system, as affected by the rules, values, and practices of the involved people
or community
Physical environment

The tangible surroundings (such as space, light, or sound) around patients, which affects their interactions with
digital health

Social environment

The cultural environment (such as policy, business, or customs) that affect patients’ interactions with digital health

Results
Overview
Figure 1 shows the flow diagram of the systematic search. A
total of 173 records were generated after the computer search;

58 (33.5%) duplicates were removed, and the titles and abstracts
of 115 (66.5%) articles were reviewed. Subsequently, 53.9%
(62/115) of full-text articles (including 4 additional records
collected through snowballing) were reviewed for inclusion.
Ultimately, 45 studies were included in the review for data
extraction.

Figure 1. Study flow diagram. ICT: information and communications technology.

Study Characteristics
Embase, MEDLINE, PubMed, PsycINFO, CINAHL, and the
Cochrane Library were the most common databases for the
https://www.jmir.org/2022/8/e37952
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included reviews. Of these, 62% (28/45) were systematic review
articles. The remainder included scoping reviews (6/45, 13%),
literature reviews (3/45, 7%), integrative reviews (3/45, 7%),
narrative reviews (2/45, 4%), comprehensive overviews (1/45,
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2%), review of systematic reviews (1/45, 2%), and umbrella
reviews (1/45, 2%). More than half of the included reviews
(24/45, 53%) conducted quality assessments. The reviews
included >1400 studies, which mainly or partially reported
qualitative and quantitative analyses of PEx in digital health.
The data analysis methods varied and included thematic analysis
(8/45, 18%), meta-synthesis (5/45, 11%), meta-ethnography
synthesis (2/45, 4%), taxonomy (1/45, 2%), hermeneutic
synthesis (1/45, 2%), qualitative evidence synthesis (1/45, 2%),
and state-of-the-art survey analysis (1/45, 2%).
Among the included reviews, some focused on specific
populations, such as children (3/45, 7%), college students (1/45,
2%), younger people (1/45, 2%), adults (7/45, 16%), or older
adults (4/45, 9%). Others either focused on the general
population or did not mention the target population. The most
common health issues across the included articles were chronic
diseases (17/45, 38%), including chronic obstructive pulmonary
disease, heart failure, cardiovascular disease, cancer, diabetes,
and hypertension. Mental health problems (7/45, 16%),
including depression, anxiety, psychological well-being,
psychotic disorders, and schizophrenia, were the second most
common health issues. The remainder either focused on other
issues (8/45, 18%), including audiology, asthma, reproductive
health, maternal health, newborn health, child health, adolescent
health, surgery, postpartum, somatic diseases, or palliative care,
or did not mention any specific health issues (14/45, 31%).
Some papers (8/45, 18%) also provided multistakeholder
perspectives, including health care professionals, providers,
surgeons, clinicians, staff and organizations, implementers (such
as health policy makers, clinicians, and researchers), and the
participation of information technology.
The degree of detail provided about the interventions varied
greatly across the studies. Phone-based apps, websites, handheld
sensing devices, and ambient assisted living health care systems
were common digital health deliveries. Interaction techniques
included synchronous, asynchronous, and hybrid models.
Diverse intervention platforms, systems, or functions were used
to deliver various health care services, including supporting
disease management (14/45, 31%); patient-to-physician
communication or consultation (9/45, 20%); symptom
monitoring (9/45, 20%); information transmission (4/45, 9%);
health promotion activities (3/45, 7%); screening, diagnosis, or
self-assessment (2/45, 4%); behavior changes (2/45, 4%);
self-education (1/45, 2%); and decision-making (1/45, 2%).
Multimedia Appendix 1 [28,40-83] provides detailed
information regarding the characteristics of the included studies.

Overall Impression of Digital PEx
Our study revealed great diversity in the perspectives and
definitions describing patients’ experiences and characteristics
when using digital health, presenting a variety of influencing
factors and design considerations for digital PEx. The included
studies showed different foci regarding digital PEx, including
influencing factors (21/45, 47%) [28,40-59], digital health
performance (19/45, 42%) [40-43,46,48,49,56,57,59-68], patient
perceptions (9/45, 20%) [28,45,47,49,69-73], evaluation
methods of digital health or digital PEx (8/45, 18%)
[43,64,74-79], and design considerations (9/45, 20%)
https://www.jmir.org/2022/8/e37952
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[48-50,53,54,59,80-82]. The findings and conclusions of the 45
reviews showed a great diversity. Most studies presented a set
o f
t h e m e s
( 1 9 / 4 5 ,
4 2 % )
[28,44,45,48,49,51,54-57,59,62,69-73,76,79] or descriptions
only (16/45, 36%) [40-42,46,47,58,60,61,63-67,74,75,83]. Other
studies concluded with a theory-based description (5/45, 11%)
[52,68,77,78,80], framework (4/45, 9%) [28,49,50,82], model
(2/45, 4%) [53,69], method (2/45, 4%) [43,81], or checklist
(1/45, 2%) [59]. Only a few studies transformed findings into
design considerations (9/45, 20%) or visualized or structured
their results into frameworks, models, checklists, or methods
(9/45, 20%). Limited information was found on participant
dropout
reasons
during
the
interventions
[28,41,43,51,53,63,69,71]. The overall impression of the
researchers on the DHIs was positive. In 51% (23/45) of reviews
[41-44,48,49,52-54,57,59,61-63,65-69,72,73,77,80], the DHIs
either showed promising results or at least results comparable
with face-to-face health care services. Only 4% (2/45) of reviews
[47,60] reported concrete evidence of the negative impact of
current DHIs on digital PEx. In general, digital PEx was
addressed because of the interactions between the DHIs and the
patients involved and how the service was organized and carried
out.

Influencing Factors of Digital PEx
An influencing factor is an aspect of the existing situation that
influences other aspects of the situation, and it is formulated as
an attribute of an element that is considered relevant and can
be observed, measured, or assessed [84]. In this study,
influencing factors refer to specific factors that lead to a positive
or negative experience (digital PEx). Some factors have either
positive or negative consistent and concrete impacts, whereas
others have double-edged impacts; that is, impacts that are
different per individual or change over time. Among the
included papers, a common understanding of the potential
influencing factors was captured from 3 aspects—behavioral,
technical, and organizational determinants—following the
categorization of the PRISM framework. These determinants
were each classified into 3 categories, resulting in nine
categories: patient capability, patient opportunity, patient
motivation, intervention technology, intervention functionality,
intervention interaction design, organizational environment,
physical environment, and social environment. Multimedia
Appendix 2 [28,40-83] presents an overview of the themes
identified for each category, the influencing factors per theme
(positive, negative, and double-edged), and references. Most
factors appear to be related to technical determinants, followed
by behavioral and organizational determinants. For technical
determinants, we summarized 3 categories with 13 themes,
containing 58 positive, 35 negative, and 13 double-edged factors.
For example, DHIs with multiple behavioral change techniques
appeared to be more effective [42,56,80] and reported higher
patient satisfaction [54,57]. Behavioral determinants included
3 categories with 9 themes containing 11 positive, 21 negative,
and 5 double-edged factors. For instance, some studies
mentioned a lack of confidence in patients’ own ability to use
the technology [43,45,47,48,71,81], leading to a negative digital
PEx. Organizational determinants were classified into 3
categories with 5 themes, including 13 positive and 23 negative
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37952 | p.76
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factors. For example, unrealistic financial reimbursement and
higher costs related to the internet or equipment were practical
challenges of using digital health [47,48,51,55,56]. For the
behavioral and organizational determinants, we collected more
negative factors than positive factors. This is in contrast to the
technical determinants, in which more positive factors were
identified. Double-edged factors were less than both positive
and negative factors for all the 3 determinants. Multimedia
Appendix 3 [28,40-61,63-67,69-73,75-78,80-83] provides
detailed information and examples.

Design Considerations of Digital PEx
Table 2 provides an overview of the identified themes for each
design construct or method, related considerations, and
references. To address the abovementioned influencing factors,
several the included articles referred to design constructs
(personalization, information, navigation, and visualization)
[48,49,53,54,59,80] and design methods (ie, human-centered
design [HCD] or user-centered design [UCD], co-design or
participatory design, and inclusive design) [48-50,54,80-82],
either as recommendations or implications for improving digital
PEx from a design perspective. Notably, there was an overlap
between design considerations and influencing factors. The
former focuses on concluding possible design suggestions,
recommendations, and implications proposed by the reviewed
articles. The latter involves mapping the impacts of interaction
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design on digital PEx in different contexts; therefore, they refer
to different themes and references. Generally, the
personalization construct identifies patient profiles and tailors
digital health according to patients’ needs and preferences. The
information construct addresses the source, language,
presentation, content, and architecture of delivered health
information. The navigation construct considers the interactive,
delivered, and instructional elements of digital health to guide
users to different areas of content within digital health. The
visualization construct focuses on the aesthetics, attractiveness,
visibility, and consistency of digital health appearance and
interface. Furthermore, co-design and UCD or HCD were
recommended as the most common methods for designing
digital health, which involve multi-stakeholders and
multi-disciplinaries in the design process to facilitate the
designers’ work, as designers need to understand end user needs
and be aware of potential barriers to engaging in DHIs. Finally,
inclusive design provides flexible design and is usable for a
broader population. Notably, the design considerations identified
in the included papers are not meant to be applied to every
project; the implementation depends on the project’s focus.
Designers always need to balance project requirements (such
as profits), user needs (such as privacy concerns), and policy
regulations (such as data security). For example, peer-to-peer
patient communication may not be appropriate for more
sensitive health issues.
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Table 2. Design considerations of digital patient experience.
Themes

Considerations

References

•
•

[53,59]

Design constructs
Personalization
Profiling

•
Tailoring

•
•
•
•
•

Autonomy

•
•
•
•

Careful patient selection for digital health use
Assess specific metrics (eg, sociodemographic characteristics, basic health
status, individual preferences, and habits)
Create an accurate patient profile

Provide personalized information, tailored intervention content, and customized [49,54,59,80]
feedback (eg, predicted possible causes and consequences of a health problem
and advice on the behavior under investigation)
Tailor the content to the user’s needs and preferences
Tailor images, colors, text quantity, and font size and color to what users find
appealing
Tailor multiple variables rather than a single variable
Align with end users’ habitual routines
Choose desirable and accessible forms of delivery
Choose when and how to receive reminders
Select or change personalized goals for future use throughout the time span
of intervention
Select preferred styles (eg, color and font)

[59,80]

Information
Content

•
•
•
•
•

Communication

•
•
•

Functionality

•
•
•
•
•

Provide comprehensive health information (eg, medical history, test results, [48,53,54,59]
and medication information)
Provide appropriate education and training on a health condition
Provide concise information (not overwhelm)
Provide evidence-based information from a credible source (eg, no advertisements and validated advice)
Appropriate encryption and digital health security (eg, password setting and
privacy policy)
Provide peer-to-peer communication through web-based forums and commu- [53,54,59,80]
nities using instant messages
Access to professionals directly via email, SMS text message, or live chat
Share duties between health care staff
Rewards (eg, material incentives, intangible rewards, and messages of congrat- [48,49,53,54,59,80]
ulations when a task is completed)
Reminders (eg, email messages, SMS text messages, words of the day, and
pop-ups) for task completion
Reflective feedback, persuasive features, and gaming features (eg, knowledge
quizzes and games)
Functional characteristics enable accurate and continuous self-management
(eg, activity planning, activity tracking, self-monitoring, and diaries), personcentered care, and sustained behavior change
Appropriate dose of treatment

Navigation
Forms of delivery

•
•
•

User flows
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•
•
•
•
•

Readily accessible and downloadable

[49,54]

Improve DHIa delivery (eg, change from a website to a mobile phone app)
Ability to print and email the information
Minimum input (eg, voice commands)
Efficient access to information
Clarify what to do next
Provide search bar and menu bar
Tools and aids to help understand health information and complete health
tasks

[48,59]
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Considerations
Instruction and tutorials

•
•

References

•

Guide users to a greater extent if the design is not self-explanatory
[54,80]
Provide more concrete, explicit, and context-sensitive instructions (eg, a virtual
guided tour and extra internal links)
Adopt features from common (ie, familiarized) user interfaces (eg, the iPhone
interface)
Provide appropriate education and training on digital health use

Message presentation

•
•
•
•
•
•
•
•

Visualize continuous monitoring data (eg, present data as graphs and tables) [59]
Provide a coherent presentation in terms of colors, pictures, and themes
Simple nontechnical language
Straightforward and concise text
Comprehensive descriptions of actionable message
Provide positive, nonauthoritarian, friendly, and nonjudgmental tone of voice
Multimedia messages (eg, text combined with relevant pictures or video)
Highlight information using various font styles, sizes, and colors

Interface aesthetic

•
•
•

Show graphics (ie, visual aids) rather than (too much) text
Provide a pleasing color scheme (eg, bright colors)
Simple interface

•

Visualization

[54,59,80]

Design methods
Co-design and participatory design approaches
Multistakeholder

•
•

Involve end users and other stakeholders
Include the user at the beginning of the design process

[48,49,54]

Interdisciplinary

•

An interdisciplinary approach to the development and implementation

[48,80,81]

User-centered design and human-centered design approaches
Needs assessment

•
•

Know the needs, capabilities, and environment of users through focus groups, [48,81,82]
surveys, interviews, and personas
Composing, preparing, and organizing content

Usability testing

•

Gain early feedback from users through prototypes; benchmark testing, user [48,81,82]
testing, heuristic analysis, failure modes and effects analysis, and observations
in other health care settings

Implementation

•

Fit the technology to the person, not the person to the technology; pilot testing, [81,82]
task analysis, and reporting mechanism

Monitor and sustain

•

Understanding work as imagined often differs from work as done; pre- and
posttesting, contextual inquiry, and safety and hazard reporting

•

Provide a flexible design that is usable by people with no limitations, as well [48,50]
as by people with functional limitations related to disabilities or old age

[82]

Inclusive design approaches
Inclusive

a

DHI: digital health intervention.

Design Implications
On the basis of our findings regarding influencing factors and
design considerations for digital PEx, in this section, we define
digital PEx and present design guidelines for the implementation
of improving PEx in digital services.

Definition of Digital PEx
Our review reveals the absence of a commonly used concept
for PEx in digital health. An increasing number of studies have
been conducted on surveying PEx, satisfaction with, and
expectations in varied digital health. With the growing academic
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interest in this topic and increasing efforts to address PEx in
digital health design practice, a common concept with a concise
definition will strengthen and align efforts overall. After
reviewing the alignment of widely accepted concepts of PEx,
UX, and DHIs with our generated influencing factors, we
observed that many of our findings are included in the PEx
definition offered by The Beryl Institute. Therefore, by including
the sum of all interactions shaped by an organization’s culture,
which influence patient perceptions across the continuum of
care [33] along with the constructs of UX (people’s perceptions
and responses [18,29]), DHIs (digital health technologies [13]),
and the determinants (ie, technical, behavioral, and
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organizational determinants) identified in this review, we
propose a concise, practical definition of digital PEx to guide
the future design of digital health: “Digital patient experience
is the sum of all interactions, affected by a patient’s behavioral
determinants, framed by digital technologies, and shaped by
organizational culture, that influence patient perceptions across
the continuum of care channeling digital health.” Compared
with the original definition of general PEx, this new definition
underlines the digital part of health care delivery and includes
2 new determinants (technical and behavioral) that go beyond
the organization’s culture to clarify what can influence patient
perceptions while traveling along a digital care pathway.

Design Guidelines for Improving Digital PEx
We developed a design and evaluation framework to help digital
health designers or developers improve digital PEx in the design
process (Figure 2). This framework was based on the findings
of this umbrella review and was inspired by the double diamond
model [85,86]. Our framework shows four phases: define design,
define evaluation, design ideation, and designevaluation. The
first and third phases focus on the design itself, and the second
and fourth phases focus on design evaluation. In this study, we
focus on explaining the first and third phases. In the first phase,
designers must define the design goals by considering the factors
that affect digital PEx. In this phase, we provided 3 determinants
referring to 9 categories of influencing factors that have 3 types
of impact on digital PEx (positive, negative, and double-edged)
for designers to discover and explore. Designers can frame their
design goals based on the intervention purposes and the selection
of influencing factors. For example, if the purpose of the
intervention is to improve patient eHealth literacy, designers
need to pay more attention to patient capability and frame a
design goal to develop suitable intervention functionality for
improving patient capability. After defining the design goals,
designers can move to the second phase, which is the define
evaluation phase. In this phase, designers need to consider
evaluation indicators (patient emotional, behavioral, and health
outcomes) and evaluation methods (surveys and interviews)
that are used to assess digital PEx. Detailed information
regarding this phase will be discussed in a parallel study.
Following this, we provide 4 design constructs (personalization,
information, navigation, and visualization) and 3 design methods
(ie, HCD or UCD, co-design, and inclusive design) for the
design ideation phase. Personalization [41,54,56,57,59,69,81,87]
refers to ascertaining user needs with design goals. It
encompasses the design of intervention technology and
functionality needs that meet the patients’ ability, opportunity,
and motivation to trigger behavior changes and promote health
outcomes. UCD/HCD and inclusive design are valuable at this
stage for the inclusion of patient perspectives. Driven by user
needs and intervention goals, information includes content,
communication, and functionality [54,59,81], and navigation
comprises forms of delivery, user flows, instructions, and
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tutorials [54,59,80,81]. This relates to how relevant content
presented in multimedia with a clear information architecture
can attract patient attention and help them understand and
complete tasks efficiently [88]. Co-design and participatory
design are multidisciplinary collaborations that are necessary
at these 2 stages. Finally, designers need to consider
visualization [54,57,59,80,81], which determines the product
look. The digital health interface can affect patients’ first
impressions when using DHIs. An attention-grabbing, simple,
and consistent interface [59], layout (colors and images) [80],
and message presentation [59] can all lead to positive UX. The
design guidelines (Textbox 1) can be used at this stage to
produce design concepts. In addition, this phase contains the
digital health design workflow, challenges, and tips from a
design practice perspective (which will be presented in an
ongoing interview study). Finally, we ended up with this
framework by introducing the design evaluation phase, in which
designers need to develop tests (based on evaluation metrics)
to evaluate design concepts. If the evaluation outcomes do not
meet the evaluation standards, designers can return to the design
ideation phase to adjust the design concepts or return to the first
phase to reconsider the design goals.
Compared with the original double diamond model, our
framework separates the evaluation part from the design part.
This aligns with the design research methodology framework
[84], which suggests generating success criteria after clarifying
design research goals and before producing design support,
formulating criteria for success is essential to be able to
determine whether the results help achieve this aim. Therefore,
we paid equal attention to design and evaluation. In addition,
our framework provides detailed reference materials (such as
3 determinants) for each phase to provide designers with more
practical support. Notably, in our framework, we retain some
typical features of the double diamond model: the first 2 phases
are research related, the last 2 phases are practice related, and
each phase starts from divergence and ends at convergence.
On the basis of our findings on influencing factors and design
considerations, we mapped the combinations of design
constructs and design methods into 9 design guidelines to
address different influencing factors (Textbox 1), which can be
used to guide the design ideation process. Some of the design
guidelines uncovered in this study have already been
implemented, resulting in a positive digital PEx, such as the
digital platform PatientsLikeMe, which aims to empower
patients to navigate their health journeys together through peer
support, personalized health insights, tailored digital health
services, and patient-friendly clinical education [89]. One of
the studies pointed out that patients can greatly benefit from
using this platform as it improves patient health literacy, and
its condition-specific customization may still further improve
PEx [90], which aligns with our design guidelines on improving
“patient capability” and providing “personalized information.”
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Figure 2. Digital patient experience design and evaluation framework. HCD: human-centered design; UCD: user-centered design.
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Textbox 1. Design guidelines for improving digital patient experience.
Categories and design guidelines
•

Patient capability
•

•

Patient opportunity
•

•

Reduce equipment or service cost and time; improve health care providers’ professional ability, communication skills, and service attitudes
across the use of digital health; increase workflow transparency and clarify accountability; improve system integration and compatibility

Physical environment
•

•

Provide personalized and consistent information, clear tutorials or technical support, and visualized data; allow patients to choose personalized
interactive elements; follow human or user-centered design, co-design, and inclusive design methods; involve multi-stakeholders and
multi-disciplines in the design process

Organizational environment
•

•

Strengthen theory-based interventions (eg, behavior change techniques and evidence-based interventions); improve intervention quality,
considering privacy, security, and accuracy issues; provide regular and continuous social support combining both remote communication
and real human contact; tailor health promotion and intervention structure to patients’ needs and preferences

Intervention interaction design
•

•

Increase technical usability; ensure ease of use, ready to use, and timely feedback on digital health; select technical features (eg, data
accessibility) and delivery media or devices (eg, device ownership) to meet patients’ preferences and needs

Intervention functionality
•

•

Recognize patients’ mindset and perceived advantages and disadvantages; inform them of the potential benefits of using digital health;
address their concerns and worries; understand their expectations and needs; tailor design to their preferences to trigger their motivation

Intervention technology
•

•

Profile patients’ identity (eg, age, gender, economic status, and daily routines) and health status (eg, illness complexity, severity, and stability);
consider patients’ accessibility and affordance to digital health; tailor design to their individual opportunity

Patient motivation
•

•

Identify patients’ knowledge and skill levels by understanding their technology, language, and health literacy; consider their previous
experience and current confidence level in using digital health; improve their actual literacy and correct their perceived inability; tailor
design to their ability

Provide a familiar, warm, and comfortable environment rather than cold and unfamiliar settings; reduce environmental distractions (eg,
background noise or lighting)

Social environment
•

Provide adequate support policies and legislation; develop plausible business cases

Discussion
Principal Findings
We systematically reviewed review articles on factors that
influence digital PEx and considerations regarding how best to
design digital PEx. The reviews varied greatly in type, including
studies and data analysis methods, as well as in HIS, health
issues, target patient groups, intervention content, and structure.
Of the selected reviews, 62% (28/45) were systematic reviews,
the rest were other types. These included qualitative,
quantitative, and mixed methods studies. Thematic analysis and
meta-analysis were the most common data analysis methods
used in the reviews. We note that the studies described in the
selected reviews were extremely heterogeneous, and information
about interventions and digital PEx were often mixed and
complex, making comparison difficult.
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Our results are in line with the findings reported by previous
authors [25,30,38] on the factors that affect PEx, UX, or the
implementation of digital health. On the basis of the identified
influencing factors and design considerations, we developed 9
design guidelines for improving digital PEx. Our findings reveal
that among the selected reviews, only a few formulated design
strategies or guidelines. This lack of design knowledge
transformation makes it difficult for designers or developers to
apply the findings directly. This aligns with the studies by
Sakaguchi-Tang et al [48] and Søgaard Neilsen and Wilson
[80]; the former indicated that the absence of specific design
recommendations impairs the design of digital health, with the
latter suggesting that there was a lack of understanding of the
most beneficial design aspects for some specific digital health
and how design principles can best be applied. Moreover, the
use of UCD has been recommended in many studies to address
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UX-relevant issues in digital health [3,80,91], which also
supports our findings.

Digital PEx Versus General PEx and UX
We found a lack of a common term to describe PEx in digital
health; UX (25/45, 56%) and PEx (17/45, 38%) were the most
commonly used terms. Patient UX, patient perceptions, client
experiences, patient empowerment, and user engagement were
also used to describe similar concepts. Many reviews indicated
that there was limited information about UX or PEx in varied
digital health and underlined the need for a more holistic view
of patient needs and priorities to better shape digital health
design strategies and provide tailored digital health
[28,40,42,45,60,74].

Influencing Factors Are More Complex Than
Facilitators and Barriers
The information provided about digital PEx–influencing factors
was complex and heterogeneous. Digital health is often treated
as a whole, whereas digital PEx is affected by the additive effect
of varying digital health factors. A single change in a factor
may affect everything else. We found that without a concrete
interaction context, factors could be regarded concurrently with
facilitators or barriers. For example, regular contact with health
care providers (HCPs) could be perceived to increase a sense
of reassurance or perceived as a burden to patients’ daily lives
[28]; some patients experienced digital health as time consuming
or an additional burden, whereas others experienced it as time
saving or convenient [69]. Some influencing factors may have
a soft or indirect influence on digital PEx [44,76]. For instance,
users who are completely unaware of privacy or security risks
may have excellent experience with digital health that fails to
meet privacy or security requirements [76]. A lack of concrete
solutions to address these barriers was mentioned [48]. It is
likely that digital health cannot serve all populations equally
well [71], which aligns with the results of a scoping review that
investigated the inequities caused by the adoption of digital
health technologies [92]. Some researchers indicated that older
adults can also experience benefits by using digital health [53],
whereas others suggested that telehealth is, at best, a partial
solution for younger and fitter subpopulations [47,71]. Again,
although some mentioned that patients preferred using personal
devices [49,55,61,64], others noted the opposite [64].

Unclear Benefit From the Different Elements in Digital
Health
It is likely that some patient groups benefit more than others
from specific DHIs. For example, one of the reviews suggested
that in telemedicine treatment for type 2 diabetes, behavioral
change and continuous management were the keys to success
[43]. However, it was unclear precisely which elements of digital
health resulted in patients’ satisfaction or dissatisfaction and
how they could be addressed [83]. Moreover, we found limited
data and even contradictory results on which factors affect
digital PEx the most, which elements should be considered first
when developing DHIs, and who benefits more from them. The
latter is commonly mentioned [48,53,70], with some authors
suggesting that patients with unstable chronic diseases might
benefit the most [47,93]. However, another review indicated
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that even if patients are provided with the latest state-of-the-art
technology at home, the intervention will not be beneficial if it
remains unused [43]. Patients who are less activated are likely
to have less positive experiences than those who are highly
engaged [74].

Lack of Multiple Perspectives During the Design of
Digital PEx
Clear communication between experts, designers, and patients
regarding their understanding of digital PEx is required. Some
reviews acknowledged the need for a multistakeholder
perspective on digital PEx [55,69]. However, we found
circumstances in which this was not possible. For example, in
some cases, UCD for DHIs was conducted on nonpatient users
either because of ethical reasons or relevant regulations [43],
and in others, apps that are not specifically designed for patients
with cancer were being used for this patient group [64]. HCPs
are often isolated from the decision-making process to
incorporate digital health into their current service provision
[28]. Moreover, a lack of clinician perceptions of digital health
use was also reported [40,54]. Furthermore, no studies focused
on exploring designers’ views, opinions, experiences, or values
in addressing PEx or UX in the design of digital health. There
was little information on whether experienced designers had
worked with patients in their design process.

Over- or Underestimated Results
Some studies suggested that a lack of interest was the main
reason for patients’ refusal of digital health and that reasons for
patient withdrawal were patients not wanting to use equipment,
deteriorating health, and technical problems [94,95]. We need
to gain better insights into the reasons for patients choosing not
to engage in or withdraw from digital health, as these will
significantly inform future DHI development and design
[43,53,69]. However, it is likely that most studies only included
patients who had already agreed to or were using digital health
technologies; those who refused to use, withdrew from, or had
no accessibility were excluded [28,51,63,69]. One of the reviews
suggested that this would result in over- or underestimated
results of DHIs’ effects on digital PEx, as participants who
completed the intervention may differ from those who did not
[41]. Another review found that patients only reported positive
themes associated with remote monitoring, which may indicate
a selection bias [71].

Conflicts Between Benefits and Cost for Developing
DHIs
The provision of digital health can reduce the treatment burden
and better integrate care into patients’ daily routines [69], which
is consistent with our findings; we found that most reviews had
a positive perspective of DHIs. However, in one of the reviews,
it was suggested that although there was agreement among most
professionals that health information technology can have a
positive impact on PEx, when weighing the benefits against the
potential cost, demonstrating this will be challenging [44,47].
Moreover, unnecessary high-frequency monitoring could result
in a waste of health resources and an increased workload for
HCPs [52]. Compared with existing health care services, the
application of new technology needs to demonstrate clinical
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37952 | p.83
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
evidence of improved health conditions [43]. However, there
were discordant findings in terms of the benefits of using DHIs.
For example, there was no concrete evidence that telemedicine
consultations were quicker than face-to-face consultations
[40,57,68,83]. In another case, the impact of DHIs on health
care use was not examined [57]. In conclusion, only
user-friendly and quality-certified DHIs should be provided to
patients [64]; health care organizations should not shift their
focus from the basic and inexpensive strategies that affect patient
care. Care is needed: new technology should not overwhelm
the patient or ignore patient needs [44].

Limitations
First, when undertaking a review of review articles, some
important details included in the original studies may have been
lost, which increases the possibility of reporting bias. We also
noted differences in the interpretation of terms and methods
between the reviews. There is a lack of consistency in the
terminology used to describe the functions of DHIs, HISs, or
digital PEx itself. For example, in some cases, “eHealth” and
“mHealth” were used as interchangeable terms [75], “persuasive
technology” and “behavior change techniques” were presented
as having a similar meaning [43], and “patient engagement”
and “patient activation” were also regarded as being the same
[74]. This inconsistent use of terms may impede knowledge
translation and dissemination [57]. To counter this, we
summarized the varied factors with unified descriptions to build
a common understanding of the digital PEx–influencing factors.
Second, the intervention types and patient groups varied widely
among the reviews, limiting meaningful comparisons between
different studies. In addition, the digital health landscape is
rapidly evolving, and the technology infrastructure is constantly
shifting [41], as are the continuous updates of the UX design
area. It is important to keep the influencing factors updated or
adapted as the technology develops. Possibly, relevant original
studies may have been excluded because of our focus on review
papers. However, our approach to conducting an overarching
review provides readers with a quick overview of the relevant
digital PEx studies and a basis for further research.
Third, our umbrella review did not account for the multimodal
relationships between subthemes or the potential overlap
between subthemes within different domains. For example,
different subthemes, such as “personalized design” in
“interventions’ interaction design” also interconnect with
“interventions’ technology” and “interventions’ functionality.”
Moreover, our review process did not aim to address the
question of whether some influencing factors are more important
than others or how different aspects of DHIs influence them.
This warrants further investigation as we suspect that differences
may exist between the influencing factors, as some elements in
digital health are more likely to increase or inhibit a positive
digital PEx.
Finally, as we used qualitative thematic analysis to synthesize
the findings and generate themes, the generated themes could
have been influenced by the authors’ previous research
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experiences and personal understanding. By asking other
researchers to repeat the coding process, the resulting themes
are likely to be different. However, to minimize the potential
coding bias, the generation of categories was based on the
PRISM framework; 4 researchers with different backgrounds,
including design, medical, and human factors, were involved
in the iterative coding process, group discussion, and
independent and random validation, and existing theories were
used.

Further Research
The goals of this umbrella review were to systematically review
the influencing factors that affect digital PEx and the design
considerations for improving digital PEx that are summarized
in the existing literature. We must conclude that, currently,
much remains unknown, and the topic of digital PEx is relatively
new. We propose 6 directions that require further research. The
first direction is to develop frameworks or models that translate
digital PEx–related research findings into design practices or
implications. For example, in this study, we used design
guidelines and a design framework to summarize the findings.
The second direction is to identify those who will benefit more
from which elements in DHIs and which influencing factors
could be addressed by combining design constructs and design
methods. The third direction is to further examine how designers
understand and address digital PEx in the digital health design
process. To address this, we conducted a qualitative study on
how designers address digital PEx in design practice. The fourth
direction is to standardize evaluation indicators, methods, or
tools for assessing digital PEx; we are currently evaluating
digital PEx in a parallel study. The fifth direction is to quantify
the balance between the benefits and costs of developing
user-friendly and validated DHIs. The sixth direction is to
identify participants’ reasons for dropping out and their impact
on the reported digital PEx–related results.

Conclusions
To the best of our knowledge, this is the first study to propose
the term “digital patient experience” as a common phrase to
describe PEx in digital health and define digital PEx by
synthesizing the reported PEx or UX of varied DHIs from
multiple reviews. Multimedia Appendix 4 shows more details
about the structure of this study. In this review, information on
influencing factors was identified and summarized into 9
categories (ie, patient capability, opportunity, motivation,
intervention technology, functionality, interaction design,
organizational, physical environment, and social environment).
These categories were classified into positive, negative, and
double-edged factors based on their positive, negative, and
diverse impacts on digital PEx. Our review uncovered 4 design
constructs (personalized, information, navigation, and visual
design) and 3 common design methods (UCD or HCD,
co-design, and inclusive design) as design considerations for
addressing digital PEx. Finally, we proposed a design and
evaluation framework and design guidelines to help digital
health designers and developers address digital PEx throughout
the entire design process.
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Abstract
Background: Parkinson disease can impose substantial distress and costs on patients, their families and caregivers, and health
care systems. To address these burdens for families and health care systems, there is a need to better support patient
self-management. To achieve this, an overview of the current state of the literature on self-management is needed to identify
what is being done, how well it is working, and what might be missing.
Objective: The aim of this scoping review was to provide an overview of the current body of research on self-management
interventions for people with Parkinson disease and identify any knowledge gaps.
Methods: The PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping
Reviews) and Population, Intervention, Comparator, Outcome, and Study type frameworks were used to structure the methodology
of the review. Due to time and resource constraints, 1 reviewer systematically searched 4 databases (PubMed, Ovid, Scopus, and
Web of Science) for the evaluations of self-management interventions for Parkinson disease published in English. The references
were screened using the EndNote X9 citation management software, titles and abstracts were manually reviewed, and studies
were selected for inclusion based on the eligibility criteria. Data were extracted into a pre-established form and synthesized in a
descriptive analysis.
Results: There was variation among the studies on study design, sample size, intervention type, and outcomes measured. The
randomized controlled trials had the strongest evidence of effectiveness: 5 out of 8 randomized controlled trials found a significant
difference between groups favoring the intervention on their primary outcome, and the remaining 3 had significant effects on at
least some of the secondary outcomes. The 2 interventions included in the review that targeted mental health outcomes both found
significant changes over time, and the 3 algorithms evaluated performed well. The remaining studies examined patient perceptions,
acceptability, and cost-effectiveness and found generally positive results.
Conclusions: This scoping review identified a wide variety of interventions designed to support various aspects of
self-management for people with Parkinson disease. The studies all generally reported positive results, and although the strength
of the evidence varied, it suggests that self-management interventions are promising for improving the care and outcomes of
people with Parkinson disease. However, the research tended to focus on the motor aspects of Parkinson disease, with few
nonmotor or holistic interventions, and there was a lack of evaluation of cost-effectiveness. This research will be important to
providing self-management interventions that meet the varied and diverse needs of people with Parkinson disease and determining
which interventions are worth promoting for widespread adoption.
(J Med Internet Res 2022;24(8):e40181) doi:10.2196/40181
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Introduction
Background
Parkinson disease has a substantial impact on patients, their
caregivers and families, and health care systems globally [1,2].
The United Kingdom’s aging population is expected to nearly
double the prevalence of Parkinson disease by 2065 [3]. The
National Health Service (NHS) Long Term Plan has emphasized
the need for supported self-management to improve patient
outcomes and reduce the strain of an aging population on the
health care system [4]. Self-management support interventions
for chronic illnesses have been demonstrated to decrease health
care use without negatively affecting patient health outcomes
[5], but research is still needed on how they are used by and
affect all users (including patients, caregivers, and health care
professionals) [6]. The NHS has estimated that 25% to 40% of
patients have low self-management knowledge, skills, and
confidence (patient activation) [7]. A recent study focusing on
people with Parkinson disease found that more than half of the
patients rated themselves high on patient activation, whereas
perceived self-management support was rated much lower [8].
Although Parkinson disease itself is not fatal, its complications
and motor and nonmotor symptoms can have serious negative
effects on the quality of life for both patients and care partners
(CPs). The nonmotor symptoms of Parkinson disease are often
undeclared in routine appointments [9] but can have severe
negative effects on symptom burden and the quality of life
[10,11]. For instance, it has been estimated that around half of
the people with Parkinson disease have a mental health
comorbidity [12]. Parkinson disease has a substantial impact
on patients, their CPs and families, and health care systems
[1,13,14]. Successful self-management is associated with
improvements in chronic conditions and achieved by supported
self-efficacy [15]. For all Parkinson disease symptoms, there
are pharmacological and nonpharmacological approaches to
management. Self-management interventions focus on the
nonpharmacological approaches to symptoms by providing
people with Parkinson disease and CPs with support to identify
and monitor their symptoms and behavioral approaches to
manage their symptoms [16,17].

Preliminary Literature Review
Previous systematic reviews have examined various aspects of
support for people with Parkinson disease, particularly
interventions that support a shift toward more home-based care,
but none were identified that provided a comprehensive
overview of self-management interventions. There are 2 recent
systematic reviews that examined the use of digital technologies
and wearables to monitor or support the care of people with
Parkinson disease and provide a comprehensive and recent
overview of the available technologies, what they are being
used for, and how they are being evaluated [18,19]. A recent
preprint review provided an overview of the trends in research
in the use of mobile and wearable technology for Parkinson
disease over the past decade and identified 4 main applications:
https://www.jmir.org/2022/8/e40181
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assisting with diagnosis, monitoring and prognosis, predicting
the outcomes of treatments, and therapy [20]. A scoping review
conducted in 2018 summarized the literature about home-based
rehabilitation interventions [21].
There were 2 reviews that focused specifically on
self-management for people with Parkinson disease [22,23].
The first was a systematic review of the qualitative experience
of self-management components by people with Parkinson
disease and their carers [22]. This review identified 7 key aspects
of self-management interventions for people with Parkinson
disease: “(1) medication management, (2) physical exercise,
(3) self-monitoring techniques, (4) psychological strategies, (5)
maintaining independence, (6) encouraging social engagement,
and (7) providing knowledge and information” [22]. However,
it did not provide an overview or evaluation of the impact of
the self-management interventions on health, behavioral, or
other outcomes. The other review was an integrative literature
review, which provided an overview of the characteristics of
self-management support programs for people with Parkinson
disease and their effectiveness [23]. It identified a wide variety
of interventions, most of which were specific to Parkinson
disease, but found limited evidence of their effectiveness. The
review provided a good summary of the state of the field but
was conducted in 2016 and did not examine the integration of
digital technologies in self-management interventions.

Rationale
A search of the international prospective register of systematic
reviews (PROSPERO) also did not find any relevant reviews
on self-management and Parkinson disease in progress. A search
for “parkinson AND (digital OR technolog*) AND
(self-management OR home based care)” only retrieved 4
registrations: 1 focused on diabetes, and the others included a
range of neurological conditions. A broader search for
“parkinson AND self-management” identified 1 relevant
registration—a systematic review and meta-analysis of
self-management interventions in Parkinson disease. However,
the registration is 2 years old (published on PROSPERO on
April 15, 2019), has not been updated, and was not identified
in a search for a published final article [24].
Given the rapid evolution of digital technology [25] and its
growing role in health care [4], the state of the literature on
self-management interventions has likely changed since the
2016 review was conducted, necessitating an updated overview
that intentionally includes digital interventions, which are
becoming a desired support for Parkinson disease care [26].
The variety of self-management aspects and applications
identified in previous reviews indicates that an overview of the
different types of self-management interventions and their
potential impact is needed. The needs emphasized by the NHS
Long Term Plan [4] for self-management and
technology-enabled, personalized care demonstrate the potential
for digital technology to help people with Parkinson disease
and CPs improve their identification and management of
Parkinson disease symptoms. Understanding the types of
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self-management interventions currently being developed and
implemented will help inform the development of future,
digitally enabled self-management interventions.

Objectives and Research Questions
The aim of this scoping review was to provide an overview of
the current state of the field and the evidence of the effectiveness
of self-management interventions for Parkinson disease and to
identify any gaps. Specifically, the review asked, “What types
of self-management interventions are available to support people
with Parkinson disease, what outcomes do they target, and what
evidence is there in the literature of their effectiveness?”

Methods
Search Strategy
The PRSIMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses Extension for Scoping Reviews;
Multimedia Appendix 1 [27]) and Population, Intervention,

Milne-Ives et al
Comparator, Outcome, and Studies (PICOS) frameworks were
used to structure the review and develop the search strategy (see
Table 1). Based on the PICOS, relevant Medical Subject
Headings (MeSH) terms were identified from a preliminary
search, and the search string was created using the following
structure: Population (MeSH terms) AND Interventions (MeSH
terms) AND Outcomes (MeSH terms). There was no limit on
the publication date. The search was performed in 4
databases—PubMed, Ovid, Scopus, and Web of Science—using
the University of Plymouth’s search tool Primo. PubMed was
chosen because it provides a good synthesis of biomedical
literature, and the other search engines were selected because
they capture a broad, multidisciplinary set of databases to ensure
that no relevant literature was missed. Multimedia Appendix 2
provides a complete record of the specific search strings
(modified slightly to fit the specific structure and requirements
of each database) and the number of references retrieved. The
database searches were performed on April 8, 2021.

Table 1. PICOS framework.
PICOSa

Detail

MeSHb terms used in search

Population

People with Parkinson disease and their carers

Parkinson Disease

Intervention

Self-management interventions for people with Parkinson disease Self-Management OR Self-Care OR Home Nursing OR Delivery
of Health Care, Integrated OR Telemedicine OR Mobile Applications OR Internet-based Interventions OR Internet of Things

Comparator

None or standard care

Outcomes

•

•

Study types
a

—c

Primary outcome: self-management (with measures includ- Self Efficacy OR Quality of Life OR Signs and Symptoms OR
ing, but not limited to, health outcomes, behaviors, perceived Health Behaviour OR Patient Admission OR Patient Readmisself-efficacy, quality of life, and use of health care services, sion
etc)
Secondary outcomes: factors that could affect self-management (eg, demographics and disease factors, etc)

Case-control studies, cohort studies, and RCTsd

—

PICOS: Population, Intervention, Comparator, Outcome, Study type.

b

MeSH: Medical Subject Headings.

c

Not applicable.

d

RCT: randomized controlled trial.

Inclusion Criteria
Studies were eligible for inclusion in the review if they evaluated
a self-management intervention for people with Parkinson
disease or their CPs. A broad definition of self-management
interventions was used, so that an overview of the different
types of intervention could be collected. Any intervention type
(remote or in person) was eligible for inclusion if it aimed to
help improve any elements of the patient self-management of
Parkinson disease. Randomized controlled trials (RCTs), cohort
studies, and case-control studies were eligible for inclusion.
Studies published at any date were eligible for inclusion.

Exclusion Criteria
Studies were excluded if they did not include a self-management
intervention for Parkinson disease or if they described an
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intervention without evaluating it. Protocols and reviews were
also excluded. Studies that were published in languages other
than English were also excluded, as the review team did not
have the necessary resources to assess them.

Screening and Article Selection
The EndNote X9 citation management software (Clarivate) was
used to store references, remove duplicates, and conduct the
initial screening. The screening was done in several stages,
using keywords based on the PICOS (see Multimedia Appendix
3). Next, 1 reviewer screened the remaining titles and abstracts
(excluding articles with reasons) and conducted a full-text
review to determine final eligibility (see Figure 1). The review
team did not have the resources—in terms of time and
budget—to have a second reviewer screen and extract data.
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Figure 1. PRIMSA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.

Data Extraction
The full texts of the included studies were reviewed, and the
data were extracted by 1 reviewer based on a predetermined

form (see Textbox 1). Given the anticipated variety of study
types and aims, the specific outcomes to extract were not
prespecified but included as data to be extracted.

Textbox 1. Article information and data extraction.
General study information
•

Title

•

Year of publication

•

Sample size

•

Population

•

Method

Intervention
•

Type of self-management intervention

•

Description of self-management intervention

Evaluation
•

Primary outcome

•

Secondary outcomes

•

Summary of reported results

•

Evidence of effectiveness at achieving stated outcomes

Data Analysis and Synthesis
A descriptive analysis was used to summarize the data extracted
from the studies and provide an overview of the state of the
literature on self-management interventions for Parkinson
disease. The implications of the findings are examined in the
discussion.
https://www.jmir.org/2022/8/e40181
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Results
Included Studies
The database search retrieved 1583 references (see Multimedia
Appendix 2). The EndNote X9 software was used to remove
236 duplicates, and the keyword search tool was used to screen
J Med Internet Res 2022 | vol. 24 | iss. 8 | e40181 | p.94
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out 1296 references (see Multimedia Appendix 3). The titles
and abstracts of 51 studies were screened by 1 reviewer, and
articles were excluded with reasons. Of these 51 articles, 19
were selected for the full-text review. Subsequently, 1 study
was identified as a duplicate upon full-text review [28], and 1
study was a secondary data analysis of an RCT, so the original
RCT was identified and included [29], resulting in a final set
of 19 included studies. The reasons for exclusion in the full-text
review stage are detailed in Figure 1. The table with the
extracted data is included as Multimedia Appendix 4.

Study Characteristics
The largest proportion (8/19, 42% or 7/18, 39%, as 2 of the
studies referred to the same trial) of the studies included in the

Milne-Ives et al
review used an RCT methodology [29-36]. The remaining
studies used a variety of study types, including 3 feasibility
studies evaluating algorithms [37-39], 2 one-arm pre-post trials
[40,41], 2 pilot studies [42,43], 2 mixed methods acceptability
studies [44,45], a randomized case-control study [46], and a
secondary data analysis of program adherence [47].
The studies also had a wide range of sample sizes, from 11
participants [42] to 474 participants [31]. All of the 8 studies
with the largest sample sizes (greater than 100 participants)
were RCTs [29-36].
The earliest study included in the review was published in 2007
[30] and the latest in 2020 [45], but two-thirds (13/19, 68%) of
the studies were published in 2017 or later (see Figure 2).

Figure 2. Number of included studies by year and category of Parkinson disease self-management intervention. The intervention types included
home-based detection or monitoring of symptoms [37-39,44,46], general care and self-management [29,35,45], behavioral therapy program [40,43],
and motor-focused exercise or fall avoidance program [30-34,36,41,42,47]. Note that 2 of the papers included in general care and self-management
relate to the same study [29,45].

Types of Interventions
A variety of different types of self-management intervention
were described and evaluated by the included studies. The most
common (9/19, 47%) type of intervention was home-based
exercise or fall prevention programs [30-34,36,41,42,47]; within
this category, two-thirds (6/9, 67%) were motor-related exercises
or fall avoidance programs, and the remaining interventions
were 1 that used sensor-based feedback [42], a community-based
exercise program [32], and a handwriting program [33]. Several
(5/19, 26%) interventions provided a means of home-based
detection or monitoring of symptoms, which were also primarily
focused on motor symptoms [37-39,44,46]. Of the remaining
https://www.jmir.org/2022/8/e40181
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studies, 2 delivered behavioral therapy–type interventions to
address mental health outcomes [40,43], 1 (addressed in 2
papers) delivered a nurse-led care management program [29,45],
and 1 examined a rehabilitation program specifically focusing
on self-management skills [35].

Evidence of Effectiveness
Summary
A variety of different outcome measures were used by the
studies to evaluate the interventions, given their different aims
and types. The strongest evidence of effectiveness came from
the 8 RCTs [29-36]. In all, 5 of the 8 RCTs found significant
J Med Internet Res 2022 | vol. 24 | iss. 8 | e40181 | p.95
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
evidence that the intervention was more effective than the
control at achieving its respective primary outcome: a 2-minute
walk [32], reducing fall rates [30], self-perceived performance
of daily activities [34], motor score on the Movement Disorders
Society–Unified Parkinson's Disease Rating Scale [36], and
health-related quality of life [35]. The other 3 RCTs [29,31,33],
a pre-post trial [41], and 1 of the pilot studies [42] found
significant differences (between groups or over time) for some,
but not all, of the outcomes measured.

Motor-Focused Program Outcomes
Several of the studies examined interventions that included
sessions with physiotherapists or occupational therapists
combined with independent practice aimed at preventing falls
or improving physical activity function [30,31,34,41]. Of the 2
studies that focused specifically on fall prevention, 1 found a
significantly reduced rate of falls in the intervention group
compared to the control group [30]. The other study (PDSAFE
personalized fall prevention program) did not find a significant
difference in repeated falling between groups but did observe
better balance, functional strength, and fall efficacy and reduced
near-falls in the intervention group compared to the control
group [31]. The remaining 2 studies focused on exercise; 1
found significant improvements in outcome expectations for
exercise and time spent exercising and on the Unified
Parkinson’s Disease Rating Scale and the Parkinson’s Disease
Questionnaire-39 but not self-efficacy, outcome expectations
for functional ability, depression, or timed chair rise scores [41],
whereas the other found a significant difference on
self-perceived performance in daily activity but not perceived
capacity, daily activity performance, effect of fatigue, coping
skills, mood, or quality of life measures [34].
There were 2 studies of motor-focused interventions that used
digital technology to provide self-management support [36,42].
These studies found that a virtual reality home-trainer stationary
cycle resulted in a significant difference between intervention
and control groups on the Unified Parkinson’s Disease Rating
Scale in favor of the intervention [36] and that a sensor-based
auditory feedback device to improve stepping automaticity
while dual-tasking had a significant difference for step
automaticity but not for fear of falling, cognitive functioning,
or self-reported gait freezing [42].
The remaining 2 studies of the motor-focused interventions
delivered a community exercise intervention with aerobic and
resistance training twice weekly, which found significant effects
for 2-minute walk scores and the Unified Parkinson’s Disease
Rating Scale over 12 months [32], and a control intervention
focused on handwriting, which found some effect on
self-reported difficulty [33].

Mental Health Outcomes
There were 2 studies that examined the impact of interventions
on mental health outcomes related to Parkinson disease [40,43].
Both trials examined the effect of an intervention over time and
found significant improvements with large effect sizes. One of
the studies, which was pilot-testing a 10-week
cognitive-behavioral telemedicine program (a self-help
workbook combined with occasional telephone sessions), found
https://www.jmir.org/2022/8/e40181
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a significant improvement in depression and anxiety over the
4-month study period [43]. The other study, which evaluated a
6-week telephone-based behavioral activation intervention,
found a significant, medium-to-large effect size of the
intervention on apathy (d=0.77), depression (d=0.70), and
quality of life (d=0.50) [40].

Algorithm Evaluations
There were 2 studies that evaluated a classification algorithm
by measuring area under the receiving operator curve (AUC)
as their primary outcome. The AUC represents how well the
model can differentiate between 2 conditions, with a general
understanding that scores of 0.7-0.8 are acceptable, 0.8-0.9 are
excellent, and 0.9 and higher are outstanding [48]. The first
study found AUCs of 0.88 and 0.91 for the best models [37],
and the other validated that the model performed similarly on
data collected in clinic (AUC 0.83) as on data collected at home
(AUC 0.76) [38]. A third study evaluating an algorithm reported
that it compared favorably to similar systems and that it could
replicate clinical decisions; however, the supervised machine
learning process was based on the decisions of 1 neurologist,
so the algorithm had learned to replicate those decisions [39].
The authors recognized this as a limitation of the study.

Patient Perceptions, Acceptability, and Usability
Of the 19 studies, 2 used mixed methods to examine the user
perceptions of the interventions [44,45]. The first was a
companion study to a multisite RCT of a nurse-led care
management intervention for Parkinson disease [29]. The study
found that after the intervention, people with Parkinson disease
rated their medication self-management highly and found the
nurse care managers to be helpful, although some usability
issues with the program were reported by participants and nurse
care managers. Likewise, the nurses found the program to be
helpful, the Parkinson disease specialists found the nurse care
manager’s role to be helpful, and both reported seeing
improvements in the self-management of people with Parkinson
disease [45].
The other study assessed the acceptability of a wrist-worn sensor
[44]. Participants identified discomfort after long periods of use
and problems with the strap; however, there was high
compliance with wearing the sensor, and participants reported
a preference for the sensor over symptom diaries [44].

Adherence
There was 1 article [47] that reported a secondary data analysis
for 1 of the RCTs included in the review [30]. It examined the
adherence of the 70 participants in the intervention group of the
study to the home-based exercise program. Patients reported
completing a high percentage (79%) of the recommended
number of repetitions of their exercises. Adherence varied
depending on participant characteristics; specifically, older age,
worse physical condition, pain, anxiety, and depression were
all associated with reduced adherence to the prescribed exercises
[47].

Cost-effectiveness
Only 1 study focused on assessing cost-effectiveness [46]. Cubo
et al [46] conducted a randomized, case-control study comparing
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home-based motor monitoring (using wireless motion sensors)
with in-office monitoring. They reported that the home-based
monitoring was cost-effective but found no significant
differences between the groups for symptoms or quality of life
[46].

Discussion
Summary of Findings
The studies included in the review varied widely in terms of
the study and intervention types, the number of participants,
and the outcomes assessed. Approximately two-thirds (13/19)
of the studies included examined interventions that focused
primarily on motor-related outcomes. Almost 40% (7/18) of
the studies included were RCTs; these trials had the largest
sample sizes (ranging from 105 to 474 participants) compared
to the other study types (ranging from 11 to 82 participants).
The RCTs also had the strongest evidence of effectiveness for
their interventions, with almost two-thirds (5/8) finding
significant evidence of effectiveness for their primary outcome
compared to the control group, and the remaining 3 studies
finding significant evidence for some of their outcome variables.
However, the non-RCT studies all had at least some evidence
to support their intervention, including evidence of an effect of
the intervention over time, good model fit, adherence, generally
positive acceptability and user perceptions, or cost-effectiveness.
However, several of these studies reported limitations in their
design and emphasized the need for further investigations to
address unanswered questions.

Limitations
A limitation of this scoping review is that only 1 researcher
performed the article selection, data extraction, and data
analysis. The PRISMA-ScR framework was used to guide the
review [27] and ensure that the requirements for a scoping
review were reported, but we could not prevent any potential
bias due to the lack of validation from a second, independent
reviewer.
Another potential source of selection bias is that no manual
searches were conducted in the references of any of the included
articles or reviews retrieved in the initial search. Due to time
constraints, this search was not feasible but increases the
possibility that relevant studies may not have been included in
the review.

Meaning and Future Research
The volume of studies retrieved during the initial search and
the variety of intervention types included in the review
demonstrate the breadth of research on technological support
and home-based care for Parkinson disease. The research into
supporting self-management for people with Parkinson disease
addressed several different aspects of management: home-based
symptom monitoring that aimed to improve data collection and
better inform health care professionals’ care decisions;
behavioral therapy that aimed to improve mental health; and
independent, supervised, or community programs that aimed
to increase mobility and strength, reduce the risk of falls, and
improve the quality of life.
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In addition to the variety of the research, this review identified
some trends in the interventions being developed and evaluated
to support self-management in people with Parkinson disease.
The most prominent trend was the focus of the interventions on
motor-related monitoring and care. This was an interesting
observation, because the nonmotor symptoms of Parkinson
disease can have a substantial impact on disease burden and the
quality of life [49-52]. Only 2 of the reviewed interventions
focused primarily on the mental health aspects of Parkinson
disease [40,43]. Although some (6/17) of the other studies did
include an assessment of at least one nonmotor symptom as a
secondary
outcome
(most
frequently
depression)
[29,31,34,36,41,46], there was a surprising lack of interventions
that aimed to improve the self-management of nonmotor
symptoms. Given the impact of nonmotor symptoms on people
with Parkinson disease, this is an important gap that should be
further investigated and addressed.
Another key area for future research would be the
cost-effectiveness of self-management interventions. Only 1 of
the included studies examined cost-effectiveness, which also
identified a lack of the resources needed to conduct high-quality,
cost-effectiveness evaluations (eg, the lack of a specific
“cost-of-illness” questionnaire for people with Parkinson
disease) [46]. This will be an important area to explore, as
several of the interventions appeared to be resource-intensive,
especially the interventions that involved home visits by
therapists. Although there is likely to be an offset of costs if
these interventions improve the quality of life, slow the
deterioration of health, and reduce the need for expensive
treatments, these interventions will need to be rigorously
evaluated to demonstrate the potential benefit of their
widespread adoption.

Conclusion
This scoping review aimed to examine and provide an overview
of the state of the literature on self-management interventions
for people with Parkinson disease. There is a large amount of
research in this area, including several RCTs, that focus on a
variety of types of self-management intervention. Most of the
studies reported at least some evidence of effectiveness or
positive effect of the intervention examined, with the best
evidence of effectiveness coming from the RCTs. However, the
majority of the studies reviewed focused on motor-related
interventions and outcomes, with few interventions aimed at
addressing the nonmotor aspects of Parkinson disease. There
was also an apparent lack of consideration of the
cost-effectiveness of the interventions. Further research will be
needed to compare the potential health and economic benefits
of implementing interventions to support self-management in
people with Parkinson disease with the costs of delivering the
interventions. Although some of the studies examined
interventions that used digital technologies to monitor symptoms
or provide feedback, many of the interventions had substantial
in-person time commitments. Future investigations could
compare the effectiveness of delivering interventions in person
or through digital technologies to potentially improve the
cost-effectiveness and availability of self-management support.
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Abstract
Background: Motivational interviewing (MI) can increase health-promoting behaviors and decrease health-damaging behaviors.
However, MI is often resource intensive, precluding its use with people with limited financial or time resources. Mobile health–based
versions of MI interventions or technology-delivered adaptations of MI (TAMIs) might increase reach.
Objective: We aimed to understand the characteristics of existing TAMIs. We were particularly interested in the inclusion of
people from marginalized sociodemographic groups, whether the TAMI addressed sociocontextual factors, and how behavioral
and health outcomes were reported.
Methods: We employed the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines for
scoping reviews to conduct our scoping review. We searched PubMed, CINAHL, and PsycInfo from January 1, 1996, to April
6, 2022, to identify studies that described interventions incorporating MI into a mobile or electronic health platform. For inclusion,
the study was required to (1) describe methods/outcomes of an MI intervention, (2) feature an intervention delivered automatically
via a mobile or electronic health platform, and (3) report a behavioral or health outcome. The exclusion criteria were (1) publication
in a language other than English and (2) description of only in-person intervention delivery (ie, no TAMI). We charted results
using Excel (Microsoft Corp).
Results: Thirty-four studies reported the use of TAMIs. Sample sizes ranged from 10 to 2069 participants aged 13 to 70 years.
Most studies (n=27) directed interventions toward individuals engaging in behaviors that increased chronic disease risk. Most
studies (n=22) oversampled individuals from marginalized sociodemographic groups, but few (n=3) were designed specifically
with marginalized groups in mind. TAMIs used text messaging (n=8), web-based intervention (n=22), app + text messaging
(n=1), and web-based intervention + text messaging (n=3) as delivery platforms. Of the 34 studies, 30 (88%) were randomized
controlled trials reporting behavioral and health-related outcomes, 23 of which reported statistically significant improvements in
targeted behaviors with TAMI use. TAMIs improved targeted health behaviors in the remaining 4 studies. Moreover, 11 (32%)
studies assessed TAMI feasibility, acceptability, or satisfaction, and all rated TAMIs highly in this regard. Among 20 studies
with a disproportionately high number of people from marginalized racial or ethnic groups compared with the general US
population, 16 (80%) reported increased engagement in health behaviors or better health outcomes. However, no TAMIs included
elements that addressed sociocontextual influences on behavior or health outcomes.

https://www.jmir.org/2022/8/e35283

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e35283 | p.102
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Pedamallu et al

Conclusions: Our findings suggest that TAMIs may improve some health promotion and disease management behaviors.
However, few TAMIs were designed specifically for people from marginalized sociodemographic groups, and none included
elements to help address sociocontextual challenges. Research is needed to determine how TAMIs affect individual health
outcomes and how to incorporate elements that address sociocontextual factors, and to identify the best practices for implementing
TAMIs into clinical practice.
(J Med Internet Res 2022;24(8):e35283) doi:10.2196/35283
KEYWORDS
motivational interviewing; technology; telehealth; health behavior; chronic disease; socioeconomic factors; health promotion;
disease management; primary prevention; secondary prevention; minority health

Introduction
Background
Chronic diseases, such as heart disease, cancer, and diabetes,
are the leading causes of death in the United States, affecting 6
in 10 adults [1]. The risk of developing many chronic diseases
and their corresponding complications, if diagnosed, can be
reduced by avoiding the following 4 key health behaviors:
tobacco use, poor nutrition, physical inactivity, and excessive
alcohol use [1]. However, reducing these harmful behaviors can
be exceptionally difficult. As a result, a multitude of
interventions have been developed that attempt to facilitate
health behavior change in these domains [2].

Using eHealth Technologies to Improve Health
The use of computing and internet technologies generally
(eHealth), and smartphone and texting technologies specifically
(mobile health [mHealth]), in health behavior change
interventions has greatly increased over the past 3 decades [3].
These technologies can be effective tools for delivering health
behavior interventions to diverse populations for a variety of
behavior change goals. To illustrate, a systematic review of
mobile apps and text messaging interventions demonstrated
improvement across a variety of physical and mental health
outcomes, including weight loss, smoking cessation, medication
adherence, and depression and anxiety symptoms [4]. Similar
findings were reported in a systematic review of text messaging
health promotion interventions [5]. mHealth interventions may
also be useful for facilitating self-management in patients with
chronic diseases, such as improving medication adherence and
control of chronic disease indicators like BMI, and activating
and empowering patients [4-7].
mHealth technologies in particular have the potential to greatly
improve health care access, improve delivery processes, and
reduce chronic care costs [6], especially in areas that are
medically underserved and underresourced, and in areas where
internet access is limited to personal mobile phones [8]. mHealth
technologies are widely accessible, popular across
sociodemographic groups, and portable, and can facilitate timely
interventions for patients [8,9]. These features are especially
important for encouraging chronic disease prevention and
management behaviors, which require timely and frequent
reminders and interactions with patients that are impractical for
health care practitioners to provide in office settings.
The accessibility of mHealth technologies may be especially
important for people from sociodemographic groups that have
https://www.jmir.org/2022/8/e35283
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RenderX

been underserved, mistreated, or marginalized by biomedical
research and practice (hereafter marginalized). For example,
patients who live in rural areas face long travel and wait times,
which may limit how often and for how long they can meet with
their providers [10]. People from marginalized racial or ethnic
groups face additional barriers, including medical distrust, which
stems in large part from experiencing stigma, discrimination,
and racism from health care systems and providers [11].
The effectiveness of eHealth and mHealth technologies for
health promotion and management behaviors, combined with
their availability and accessibility to the public, suggests that
these platforms are effective tools for increasing the reach of
interventions to greater numbers of individuals with
sociocontextual challenges. However, the potential benefits of
technology-delivered interventions may be offset by the fact
that standard eHealth and mHealth technologies might not
motivate patients in a way that fosters autonomy, which is
critical to maintaining behavior change over time [12].

Motivational Interviewing and Its Use in eHealth
Interventions
Motivational interviewing (MI) is a method of talking to people
about changing their behavior [13]. The goal of MI is to increase
intrinsic motivation and self-efficacy for engaging in health
promoting behaviors using patient-centered yet directive
communication techniques [14]. Specifically, MI counselors
rely on reflexive listening, strategic questions, affirmations of
character strengths, and statements emphasizing patients’
decision-making autonomy to elicit “change talk” [15]. Change
talk involves statements expressing patients’ own desires,
abilities, reasons, needs, and commitments to change their
behavior while embodying “MI spirit,” an empathetic,
collaborative, and nonjudgmental demeanor. There is strong
evidence supporting MI as a strategy to address barriers to
effective health behavior counseling [16]. While health care
professionals may attempt to persuade patients to adhere to
recommended health behaviors, MI encourages personal
decision-making about change and provides guidance and
support about potential mechanisms of change [17,18]. During
an MI session, a counselor uses the principles of
the self-actualization theory and free choice to help individuals
identify and work toward their goals[19,20]. MI can include
health education and address sociocontextual factors that
constrain an individual’s choices. MI has been effective in
promoting health behavior change for individuals with and
without chronic diseases [21,22]. However, while MI offers
many benefits to patients, its reach may be limited as employing
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trained counselors is expensive and training other health care
providers may be time consuming and resource intensive.
Technology-delivered adaptations of MI (TAMIs) have been
developed to combine the useful features of MI interventions
(eg, promoting patient autonomy) with the benefits of mHealth
interventions (eg, increase accessibility while limiting costs to
patients and the health care system). Despite the complexity of
developing TAMIs for intervention studies seeking to improve
health behaviors, a 2016 systematic review reported that they
are feasible to implement and well accepted by patients [23].

Objective and Research Questions
The objective of this research was to gain an understanding of
the characteristics and outcomes of TAMIs that were not
addressed in a previous review [23]. Specifically, we asked the
following questions: (1) To what extent do TAMIs include
individuals from marginalized sociodemographic groups? (2)
How do TAMIs address sociocontextual influences on health
(eg, the built environment and financial barriers)? (3) How do
studies that report TAMIs describe their effects on behavioral
and health outcomes?
This work is important for several reasons. First, the answers
to the first 2 research questions (ie, including individuals from
marginalized sociodemographic groups and addressing
sociocontextual influences on health) have not been previously
addressed, yet they are critical for expanding access of these
potentially useful interventions to individuals and groups who
have been socially marginalized or systematically and
intentionally excluded from or underrepresented in biomedical
research. Second, there have been many technological
advancements made over the past 6 years that might shape the
nature and effectiveness of TAMIs (eg, increased sophistication
of tailoring interactions to participant responses) [24]. Although
the previous review evaluated the effects of TAMIs on
behavioral and psychological outcomes [23], examination of
more modern interventions is informative considering rapidly
emerging novel technologies.
We sought to map key concepts and knowledge gaps about
TAMIs, including identifying the number of studies that include
participants from underrepresented populations and the number
of studies that address sociocontextual factors. Because these
goals are more consistent with the goals of a scoping review
than a systematic review [25], we conducted a scoping review.

Methods
We employed the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines for scoping
reviews [26,27]. We did not preregister the review protocol.
JM and HP searched the PubMed, CINAHL, and PsycInfo
databases for articles published from January 1, 1996, through
April 6, 2022, that met the following inclusion criteria: (1) the
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publication described conducting an MI intervention, (2) the
intervention was incorporated into an automated mobile or
electronic health platform, and (3) the article reported behavioral
or health outcomes.
The exclusion criteria were as follows: (1) the article was
published in a language other than English and (2) the MI
intervention was administered only in-person (ie, no mHealth
or eHealth element).
We used the following search string to identify potentially
eligible articles: ((“mHealth” OR (“m-Health”)) OR ((“text
message”) OR (“text-message”) OR (“text messaging”) OR
(“text-messaging”) OR (“ehealth”) OR (“e-health”) OR
(“web-based”)
OR
(“electronic
health”)
OR
(“technology-based”)) AND ((“motivational interviewing”) OR
(“motivational interview”) OR (“intrinsic motivation”)) AND
(“intervention”).
We reviewed the reference lists of identified articles and authors’
files for additional studies missed by the search criteria. HP
reviewed abstracts and full-length articles. HP last searched the
literature for articles to include in this review on April 6, 2022.
HP used Microsoft Excel (Microsoft Corp) to abstract the
following data for each study: type of data collected
(quantitative, qualitative, or mixed), study design, theoretical
or conceptual model, study population, intervention target,
eligibility criteria, intervention description, mHealth tool details,
measures, sample size, sample characteristics, results,
conclusions, and key limitations. Not all articles reported all
data elements; we noted such instances as “NR” (not reported).
The rows in the spreadsheet were individual articles, and the
columns were individual data elements.
We have summarized the data using tables (Multimedia
Appendix 1 and Multimedia Appendix 2) that are separated by
the age category of participants (ie, younger than 18 years of
age vs 18 years or older) and by the type of outcome (ie,
behavioral vs health outcome). We have also described in the
text the number and percentage of articles that had different
methodological characteristics.

Results
Overview
We identified 34 studies reporting unique TAMIs (Figure 1).
Most were conducted in the United States (n=22) [28-49]. Others
were conducted in the Netherlands (n=4) [50-53], Switzerland
(n=2) [54,55], Germany (n=1) [56], Korea (n=1) [57], Austria
(n=1) [58], Canada (n=1) [59], and New Zealand (n=1) [60].
One study included participants from Germany, Sweden,
Belgium, and the Czech Republic [61]. Detailed information
about each study’s design, population, and outcomes is provided
in Multimedia Appendix 1.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram [27] for the scoping review.

General Study Information
Conceptual Framework
Studies were based on a variety of conceptual frameworks. Of
the 34 studies, 24 used only MI [28-32,34,35,37-39,
41-44,46,47,49,51,53,54,56,59-61] and the remaining 10 used
alternative frameworks in conjunction with MI
[33,36,40,45,48,50,52,55,57,58] (Multimedia Appendix 1). The
most commonly used conceptual framework other than MI was
cognitive behavioral therapy (CBT; n=3) [45,50,55].

Study Design
The studies used a variety of designs. There were 30 randomized
controlled trials (RCTs), 3 studies that used a nonrandomized
pretest-posttest design with no control group [33,36,59], and 1
randomized experiment whose purpose was to refine the
contents of the TAMI [58] (Multimedia Appendix 1). Control
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groups included active control (n=14) [29,31,34,35,37,
39-41,43,45,47,53,54,57], treatment as usual (n=7)
[28,30,42,44,48,49,60], wait list (n=5) [32,50,52,55,56], or no
treatment (n=4) [38,46,51,61].

Study Population
The study populations among the selected studies varied widely
(Multimedia Appendix 1). Studies ranged in size from 10 to
2069 participants (mean 341, median 136). Six studies included
participants between 13 and 18 years of age. One study recruited
from the general population [51], and 2 specifically recruited
individuals with mental health diagnoses [31,32]. The 31
remaining studies focused on individuals who were engaging
in behaviors that increased their risk of either developing new
or exacerbating existing chronic health conditions.
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Purpose
The purpose of the health behavior interventions fell into 2
broad categories (Multimedia Appendix 1). Twenty-seven
interventions were designed to prevent disease among
individuals in the general population or among those engaging
in behaviors that put them at a higher risk of being diagnosed
with a chronic disease [29-31,33,34,36,38-40,42-48,
50-57,59-61]. The remaining 7 interventions were for
encouraging
chronic
disease
management
[28,32,35,37,41,49,58].

Behaviors and Health Outcomes
Targeted health behaviors included the following: substance,
alcohol, or tobacco use (n=24) [29-32,34,36,38-40,42-44,
46-48,50,53-57,59-61]; diet or physical activity (n=2) [51,52];
treatment and medication adherence (n=4) [28,35,37,41]; mental
health (n=1) [45]; and risky sexual behaviors (n=2) [33,47]
(Multimedia Appendix 1). One study addressed both substance,
alcohol, or tobacco use and risky sexual behaviors [47]. The
most common chronic disease targeted for self-management
interventions was diabetes (n=2) [28,35]. Targeted health
outcomes included control of diabetes (n=2) [28,35], reduction
of HIV viral load (n=1) [41], reduction in depressive symptoms
(n=1) [45], reduction in BMI (n=1) [49], improvement in asthma
symptoms (n=1) [37], and reduction in anorexia symptoms
(n=1) [58].

Delivery
Most studies relied on text messaging or web-based tools to
deliver their intervention (Multimedia Appendix 1). Eight used
automated text messaging [28,33,38-40,46,49,60], 22 used a
web-based intervention [30-32,34,35,41-44,47,48,50-59,61], 1
used an app combined with automated text messaging [36], and
3 used a web-based intervention and automated text messaging
[29,37,45]. None used human-generated or chat bot–generated
text messaging. Of the 25 studies that used a web-based
intervention or a web-based intervention + text messaging, 8
used the Computerized Intervention Authorizing Software
(CIAS; [62]) [29,30,34,35,37,41,42,47]. Studies with long-term
engagement often used text message–based interventions.
CIAS is a mobile or web-based platform designed to create and
launch behavioral health interventions, including those based
on MI. CIAS includes an avatar that is capable of over 50
animated expressions and guides participants through questions,
allowing the TAMI to more accurately mimic one-on-one
conversations [29]. All 8 studies that used CIAS and 3 other
studies included an avatar that interacted with participants and
delivered the intervention [29,30,34,35,37,41-43,47,51,53]. In
1 study that included an avatar but did not use CIAS [51],
participants could select either a male or female avatar whose
appearance was designed based on focus group interviews
asking the target population about how they believed a
motivating and reliable avatar would look. The avatar
communicated with speech movements and text displayed in
balloons, and featured a limited number of nonverbal
expressions. Although the avatar + intervention group did not
show a significant improvement in the target outcome compared
to the content-identical intervention without the avatar, the
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authors noted that the avatar had limited relational skills that
may have precluded the development of a strong relationship
with the user.

Inclusion of Individuals From Marginalized
Populations
There was considerable variation in the extent to which studies
included members of populations that have been marginalized
(Multimedia Appendix 1). Among the 34 studies, 2 interventions
were specifically designed for use by African American young
people [35,37]. Moreover, 22 studies had samples that included
an overrepresentation of people from marginalized
sociodemographic groups in the general US population.
Specifically, 14 studies recruited ≥22% African American
participants [29,31,32,35,37-39,41-43,46-49], whereas African
Americans represent 13.4% of the US population [63]. Five
studies included ≥30% Hispanic/Latino participants
[28,29,33,44,47], whereas 18.5% of the US population identifies
as Hispanic/Latino [63]. One study reported that 50% of its
participants identified with racial or ethnic groups other than
white [34]. Three studies reported at least 67% of participants
as having limited incomes [42,43,45], although TAMIs were
not specifically designed for use by these populations. The
remaining 14 studies had samples that either included fewer
people from marginalized racial or ethnic groups than was
representative in the US population or did not provide
participants’ racial and ethnic information.
Only 3 studies indicated an intent to develop content and
interventions optimized for use by people from marginalized
populations (Multimedia Appendix 1). Two studies described
developing interventions with input from African American
youth or adolescents [35,37]. However, neither of these studies
commented on how the content of their interventions was
adapted to fit the needs of African Americans. One study was
designed to be culturally relevant, appropriate, accessible, and
engaging (ie, for Māori people, New Zealand’s indigenous
population) [60].

Addressing Sociocontextual Influences on Health
No studies reported that their intervention was designed to
accommodate challenging sociocontextual factors, such has
having too little income to be able to afford products or services
designed to improve health (eg, gym membership, fresh fruits,
and vegetables).

Description of How TAMIs Affect Behavioral and
Health Outcomes
Of the 34 studies, 30 were RCTs and reported outcomes,
including alcohol consumption, tobacco use, hemoglobin A1c
levels, and human immunodeficiency virus viral load (see
Multimedia Appendix 1 for a complete list). Of these 30 studies,
23 reported that the TAMI resulted in statistically significant
improvements in the target behavioral and health outcomes
[29,32,34,35,37-42,44-48,50,51,53,55-57,60,61] and the
remaining 7 stated that the TAMI had no significant effect on
behavior compared to the control group [28,30,31,43,49,52,54].
No RCTs reported that the TAMI resulted in worse outcomes
compared to controls. The last 4 (out of 34) studies reporting
behavioral and health outcomes used either a pretest-posttest
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design with no control group or a 1 group posttest only design
[33,36,58,59]. All reported that the TAMI had a beneficial
impact on promoting the desired health behavior. Eleven of the
34 studies examined feasibility, acceptability, or satisfaction,
in addition to the behavioral or health outcomes
[29,33,34,36,37,41,44,45,47,49,59]. All reported high participant
ratings for these outcomes.
There were inconsistent reports about the value of adding CBT
or other therapeutic components to an MI intervention. Some
studies that reported combining MI and social determination
theory (SDT) or MI and CBT did not achieve statistically
significant increases in health behavior engagement compared
to traditional web-based interventions [50,52,54]. One study
reported that MI + CBT had a significant beneficial effect on
alcohol consumption after 6 months [50]. Another study found
that a web-based MI intervention with and without a trained
psychologist coach was equally effective in decreasing the
weekly standard units of alcohol at 6 weeks and 6 months
compared to a wait-list control [56]. Two studies included
in-person MI and reported a decrease in the number of drinking
days in the TAMI group compared to the in-person MI and
treatment as usual groups [44,48]. Finally, 1 study reported that
adding an avatar to a web-based intervention did not
significantly increase self-reported physical activity compared
to the web-based intervention without an avatar [51], and the
avatar did not create a stronger therapeutic relationship with
participants.
Many studies noted that TAMIs could be useful in communities
that have limited access to health care. Studies that focused on
these communities or had many participants from these
communities reported generally positive results, that is, the
TAMI produced statistically significantly higher engagement
in health promotion behaviors than the control treatment. Three
studies designed specifically for underserved populations all
reported that the TAMI intervention was more successful at
promoting the desired target behavior than the control
[35,37,60]. Specifically, 1 study noted that the intervention,
which was designed specifically for the needs of Māori (New
Zealand’s indigenous population) and non-Māori Pacific
audiences, was equally effective for both populations and across
different age groups [60]. Of the 18 studies reporting behavioral
or health outcomes in a large proportion of participants who
were racial or ethnic minorities or had limited incomes, 15
showed increases in engagement in healthy behaviors or better
health outcomes [29,32-35,37-39,41,42,44-47,60]. Studies
designed specifically for underinvested communities reported
more success in promoting behavior change compared to studies
that were not designed specifically for underinvested
communities.

Discussion
Principal Findings
This scoping review extends prior work [23] by examining the
following: (1) to what extent have individuals from marginalized
sociodemographic groups been included in research on TAMIs;
(2) how TAMIs offset sociocontextual influences on health,
such as challenges imposed by the built environment or
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economics; and (3) how TAMIs may affect behavioral and
health outcomes. The 34 studies reviewed here suggest that
TAMIs likely improve health promotion and disease
management behaviors, and health outcomes. However, the
diversity in study designs, populations, and target behavioral
or health outcomes preclude a formal meta-analysis at this point
in time. The impact of TAMIs on health may be stronger among
marginalized sociodemographic groups, including people from
racial and ethnic minority backgrounds and those with low
incomes. Although TAMIs have generally led to improvements
in health promotion behaviors compared to control conditions,
to date, TAMIs have been developed for a limited scope of
health behaviors, the inclusion of individuals from marginalized
sociodemographic groups has been minimal, and their impact
on sociocontextual factors is not well understood.
Twenty-three studies reviewed reported that TAMIs were
associated with statistically significant improvements in health
promotion and disease management behaviors. However, 10
studies combined MI with other therapeutic approaches, like
CBT, or intervention elements, such as counselor-mediated
chat, that prevented an assessment of the unique impact of the
TAMI. It is important to understand how these various
therapeutic frameworks affected the results to identify what is
necessary for a successful eHealth intervention. An experiment
using the multiphase optimization strategy (MOST) design
would allow investigators to parse which combination of several
intervention components yields the greatest benefit for patients
[64].
With the advent of more sophisticated technologies, such as
machine learning and artificial intelligence, there have been
many technological advancements in recent years, including
the development of avatars capable of more personalized
interactions and greater relational skills [24]. In fact, study
participants who interact with a human-like virtual character
may feel stronger social relations compared to interacting only
with a plain text-based interface [65]. Yet, no study has
specifically examined whether avatars improve an intervention’s
target health behavior, despite calls [51] for future research to
examine the effects of an avatar with more complex relational
features. Such research may have implications for future uses
of virtual reality, automated counseling or counselors, and other
technological advancements for behavioral counseling, and
offer a unique perspective on the importance of replicating
human conversation in mHealth counseling technologies [66].

Scope of Health Behaviors and Outcomes Addressed by
TAMIs
A majority of studies focused on substance, alcohol, or tobacco
use (n=24), with the next most common behavioral targets being
treatment or medication adherence (n=5) and diet or physical
activity (n=2). This is consistent with the key health behaviors
identified by the Centers for Disease Control and Prevention as
being critical to promoting health and preventing chronic
diseases [1]. However, there is potential to increase the scope
of TAMI interventions. Health screenings can be critically
important for detecting early disease in healthy populations and
for preventing disease progression in populations with chronic
health conditions [1,67]. For example, some studies screened
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for health metrics, such as BMI and hemoglobin A1c, which are
very important for preventive screening [28,49]. In addition,
health screenings are particularly important for high-risk
populations, such as the nearly 17 million cancer survivors
living in the United States [68], many of whom are vulnerable
to experiencing the late effects of toxic treatments [69] but who
may not be aware of the need to be screened. TAMIs that
promote screening behaviors, particularly among cancer
survivors, should be designed and tested. Such interventions
may be particularly impactful for survivors of childhood cancers,
who experience significant premature morbidity and mortality
[70].

Inclusion of Individuals From Populations That Have
Been Marginalized
Few of the studies reviewed were intentionally designed for
marginalized sociodemographic groups. Although 59% (20/34)
of the studies reviewed included an overrepresentation of
individuals from marginalized groups, only 2 studies [37,60]
explicitly stated that they received input from the marginalized
communities for which the intervention was designed (ie,
African American [37], and Māori and non-Māori Pacific
individuals [60]). Only 2 studies included over 67% of
individuals with low incomes [43,45]. However, no study
addressed other factors, such as socioeconomic status, age, and
sexual or gender identity. This is important because many of
the studies reviewed suggested that TAMIs have the potential
to be particularly beneficial for marginalized communities. For
example, a study involving an MI intervention that was
culturally tailored for Hispanic/Latino participants reported that
“nearly all participants (95%) said that understanding their
culture was important to understanding their drinking behavior”
[71]. This suggests that TAMIs that consider the unique interests
and needs of marginalized populations may have a more
beneficial and sustainable impact than standard MI [20]. In
addition, MI may be highly efficacious in minority populations
due to its autonomy supportive approach rather than the
authoritarian approach, which can trigger feelings of
stigmatization and marginalization, that is commonly found in
behavior change interventions [72,73]. However, research is
needed to confirm this hypothesis. It also suggests that further
studies that are more inclusive of marginalized participants are
needed, so that the benefits of MI for groups that are at the
greatest risk of experiencing health disparities can be better
evaluated and, if appropriate, translated into practice and policy
change.

Address Strategies for Overcoming Sociocontextual
Barriers
In the studies we identified, there was scant attention to
sociocontextual factors that shape and constrain people’s ability
to engage in health promotion behaviors outside of race and
ethnicity. This dearth of research is concerning, because it
represents a missed opportunity to understand the role of TAMIs
in overcoming powerful barriers to health behavior change [74].
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For example, a TAMI focused on improving dietary behavior
among people with low incomes might be more effective if
information and other resources are provided to enable people
living in food deserts to access fresh fruits and vegetables more
easily. Similarly, a TAMI might offer information about
strategies for exercising safely to people who indicate that they
live in a neighborhood that is not conducive to outdoor exercise
and cannot afford a gym membership.

Comparison With Prior Work
A previous systematic review of TAMIs did not examine health
outcomes or the potential relevance of TAMIs to people from
marginalized or underserved sociodemographic groups [23].
Our research extends that work by evaluating these important
characteristics. In addition, our findings indicating that TAMIs
may be effective for improving health behaviors are consistent
with the findings of previous reports [23].

Limitations
This review should be considered in light of the following
limitations. First, our analysis may have been limited by
publication bias. While we found that a majority of studies
reported positive results, those with negative results might
remain disproportionately unpublished. The identified studies
were also quite heterogeneous in populations, interventions,
and outcomes assessed, restricting the conclusions that can be
drawn when considering the results in aggregate. In addition,
similar to a 2016 systematic review [23], only 1 study included
a counselor-mediated MI group, so we are unable to report the
efficacy of TAMIs compared to traditional MI interventions
[23]. However, reports that TAMIs produce more beneficial
changes in health promotion and disease management behaviors
compared to no treatment or treatment as usual are critical,
because traditional MI interventions are very costly and difficult
to disseminate widely.

Conclusions
MI has been largely successful in influencing positive behavioral
change. Given the rapid increase in technological advancements
in recent decades, TAMIs offer a low-cost and accessible
platform to help patients improve their health. The results of
this scoping review suggest that TAMIs are likely an effective
way to promote positive behavioral change for the prevention
and management of chronic diseases. TAMIs may hold
particular promise for improving the health of marginalized
communities, but few studies have described tailoring TAMIs
in a culturally relevant, appropriate, or meaningful manner. In
addition, no studies we reviewed addressed major
sociocontextual factors that shape and constrain people’s ability
to initiate and maintain changes in health behaviors. Studies
that are more inclusive of communities that have been
marginalized or underserved and that adequately address the
sociocontextual factors shaping health could help reduce health
disparities.
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Abstract
Background: Prevalence of diabetes has steadily increased over the last few decades with 1.5 million deaths reported in 2012
alone. Traditionally, analyzing patients with diabetes has remained a largely invasive approach. Wearable devices (WDs) make
use of sensors historically reserved for hospital settings. WDs coupled with artificial intelligence (AI) algorithms show promise
to help understand and conclude meaningful information from the gathered data and provide advanced and clinically meaningful
analytics.
Objective: This review aimed to provide an overview of AI-driven WD features for diabetes and their use in monitoring
diabetes-related parameters.
Methods: We searched 7 of the most popular bibliographic databases using 3 groups of search terms related to diabetes, WDs,
and AI. A 2-stage process was followed for study selection: reading abstracts and titles followed by full-text screening. Two
reviewers independently performed study selection and data extraction, and disagreements were resolved by consensus. A narrative
approach was used to synthesize the data.
Results: From an initial 3872 studies, we report the features from 37 studies post filtering according to our predefined inclusion
criteria. Most of the studies targeted type 1 diabetes, type 2 diabetes, or both (21/37, 57%). Many studies (15/37, 41%) reported
blood glucose as their main measurement. More than half of the studies (21/37, 57%) had the aim of estimation and prediction
of glucose or glucose level monitoring. Over half of the reviewed studies looked at wrist-worn devices. Only 41% of the study
devices were commercially available. We observed the use of multiple sensors with photoplethysmography sensors being most
prevalent in 32% (12/37) of studies. Studies reported and compared >1 machine learning (ML) model with high levels of accuracy.
Support vector machine was the most reported (13/37, 35%), followed by random forest (12/37, 32%).
Conclusions: This review is the most extensive work, to date, summarizing WDs that use ML for people with diabetes, and
provides research direction to those wanting to further contribute to this emerging field. Given the advancements in WD technologies
replacing the need for invasive hospital setting devices, we see great advancement potential in this domain. Further work is needed
to validate the ML approaches on clinical data from WDs and provide meaningful analytics that could serve as data gathering,
monitoring, prediction, classification, and recommendation devices in the context of diabetes.
(J Med Internet Res 2022;24(8):e36010) doi:10.2196/36010
KEYWORDS
diabetes; artificial intelligence; wearable devices; machine learning; mobile phone
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Introduction
Background
Diabetes, also known as diabetes mellitus, is a metabolic disease
characterized by elevated blood glucose levels, which can
ultimately result in many complications such as heart attack,
stroke, kidney failure, leg amputation, vision loss, and nerve
damage [1]. As the world embarks on a centennial anniversary
since the development of insulin to manage glucose levels of
people with diabetes, we have seen remarkable advances during
these 100 years, with improved life expectancy and quality of
life [2]. Noncommunicable diseases such as metabolic syndrome
and diabetes continue to be among the leading causes of
disability and mortality [3]. The number of cases and their
prevalence have steadily increased over the last few decades.
According to the World Health Organization, 1.5 million people
died in 2012 alone because of diabetes, with an additional 2.1
million deaths caused by a higher than optimal blood glucose
level, resulting in increased risks of cardiovascular and other
diseases. A total of 463 million people, globally, were affected
by type 2 diabetes (T2D) mellitus in 2019. Furthermore, it is
predicted that 700 million individuals would develop diabetes
by 2045 [4]. Although the World Health Organization
acknowledges that there is no one fixed solution and that a
coordinated multicomponent intervention is needed, it outlines
technology as one of the key stakeholders in reducing the impact
of diabetes in addition to input from governments, health care
providers, people with diabetes, civil society, food producers
and manufacturers, and suppliers of medicine [1].
Despite the advancements in blood glucose monitoring
techniques, the mainstream detection technology remains largely
invasive. The commonly used home electronic glucometers
involve people with diabetes invasively self-pricking to draw
blood from fingertips, opening them up to infections as well as
stress and pain caused by the procedure that is often expected
multiple times a day.
The availability and advancements of smart devices, such as
smartphones, have made the monitoring of diabetes-related
features more accessible. Many studies have examined this
much welcomed technology [5,6]. These normally require the
use of an external attachable sensor, and monitoring is then
delivered via an app or a separate continuous glucose monitoring
(CGM) device, which can still be semi-invasive and require a
connection range via Bluetooth or Wi-Fi signals. The use of
completely noninvasive technology in the form of wearable
devices (WDs) for regulating and monitoring glucose levels for
people with diabetes is a fairly new concept and is in its infancy.
Commercially available devices, such as smart watches and
smart bands, can take measurements using sensors that
researchers have reported on their usefulness in diabetes
monitoring [7,8]. Such technologies can be affordable and easily
accessible, and when used properly, can improve the quality of
life of patients in a noninvasive manner. With their widespread
commercial use and acceptance owing to their fashionable
nature, globally researchers have a unique opportunity to provide
medical care away from hospital settings and bulky invasive
hardware in an affordable manner without requiring expert
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assistance. WDs have an increasing capacity, although not at
the level of smartphones, to gather, store, transmit, and process
data; the features can then be used for management, treatment,
assessment, and sometimes even prediction. Furthermore, many
WDs are normally connected via Wi-Fi or Bluetooth to external
devices, such as a smartphone, where computationally expensive
processing is performed for the simple purpose of storage or as
a gateway to cloud spaces. Cloud storage can facilitate
monitoring by clinicians without the need of hospitalization.
Several useful sensors already exist incorporated into WDs
similar to those of smartphones, including electrocardiogram
(ECG), photoplethysmography, galvanic skin response, near
infrared, and accelerometer sensors. WDs have additional
advantages when it comes to sensing physiological signs, such
as heart rate, ECG, and skin temperature. This is largely owing
to their close contact with the wearer, which is of particular
interest when monitoring diabetes-related metrics.
Artificial intelligence (AI) is a broader term that encompasses
machine learning (ML). Technically, ML is a subset of AI, often
loosely used interchangeable buzzwords. As a high-level
definition, AI is anything related to making machines smarter
(eg, computational search algorithms). ML, on the other hand,
is an AI system that can self-learn via an algorithm, and as a
result, such a system becomes smarter without human
intervention over time (eg, classifying an outcome) [9]. Deep
learning, on the other hand, is another branch of AI that attempts
to mimic the human brain in terms of how it processes large
amounts of data and has already shown success rates in areas
such as diabetic retinopathy screening [10]. ML principles have
been applied in clinical settings to build algorithms to support
predictive models for the risk of development of diabetes [11].
AI has also been shown to provide useful management tools to
deal with large amounts of data [12]. Owing to the large amount
of data measurable through continuous monitoring via
wearables, AI can be used to further analyze the acquired data.
This can help to understand and draw meaningful information
from the gathered data and provide advanced and clinically
meaningful analytics. Many researchers have adapted existing
WDs not originally intended for diabetes management and
adapted the sensory information for use in diabetes-related
metrics, and some have created prototypes especially designed
for diabetes [13,14]. WDs are used for a variety of reasons,
including monitoring, prevention, glucose estimation,
diagnostics, classification, and prevention, but the number of
studies that are reported are low in comparison with those that
make use of smartphones for example. With the increased
potential outreach of WDs globally, especially when combined
with the ever-expanding field of AI-incorporating ML
algorithms, the correct management of large amounts of data
and processing with ML algorithms holds great potential for
quality-of-life improvement in people with diabetes [15].

Research Problem and Aim
Many studies have been conducted on AI-based WDs for
diabetes. Exploring the features of AI-based WDs reported in
these studies is important for developers, patients, health care
providers, and researchers to identify the recent advances and
challenges in this area. Although several reviews were conducted
in this area, (1) they were focused on smartphones and AI for
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diabetes [16-18], (2) they were focused on WDs in general rather
than AI-based WDs [17,19], and (3) they did not summarize
the features of AI-based WDs in a thorough manner [16-19].
Therefore, we aimed to explore the features of AI-based WDs
for diabetes as reported in previous studies. We believe that this
review will allow developers and researchers to advance further
in this field by highlighting the gaps and opportunities.

Methods
Overview
This scoping review was carried out to satisfy this study’s goals
of exploring features of AI-driven wearable technologies for
diabetes. In order to construct a complete scoping review, the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews)
[20] was used as a guiding approach. The PRISMA-ScR
checklist is shown in Multimedia Appendix 1.

Search Strategy
Search Sources
The article search for this review began by identifying all
relevant studies using 7 electronic databases: MEDLINE,
PsycINFO, EMBASE, IEEE Xplore, ACM Digital Library,
Web of Science, and Google Scholar. We scanned the first 100
hits retrieved by searching Google Scholar. The reason being
Google Scholar typically returns several items that are sorted
by relevance to the search topic. Bibliographic collection was
conducted from October 25 to October 30, 2021. The reference
lists of the included articles were then searched for additional
sources. We also checked relevant articles that cited the included
studies using Google Scholar’s “cited by” tool (forward
reference list checking).

Ahmed et al

Search Terms
A number of different sets of keywords were designed to search
databases depending on each database’s search term limit; as
IEEE and Google Scholar have term limits, search queries were
truncated based on the required limit. We considered the
research topics included in the database to complete our search
queries. We combined Diabetic OR Diabetes keywords
describing the relevant population (people with diabetes), with
each kind of relevant intervention to wearables (wearable* OR
smart watch* OR smart* OR smartwatch* OR fitness band*
OR flexible band* OR wristband* OR smart insole* OR
bracelet*) and AI (Artificial Intelligence OR Machine Learning
OR Deep Learning OR Decision tree OR K-Nearest Neighbor*
OR Support vector machine* OR Recurrent neural network*
OR convolutional neural network* OR Artificial neural
network* OR Naïve Bayes OR Naive Bayes OR Fuzzy Logic
OR K-Means OR Random Forest OR LSTM OR autoencoder
OR boltzmann machine OR deep belief network). For example,
the following search terms were applied in Google Scholar:
(Artificial Intelligence OR Machine Learning OR Deep Learning
OR convolutional neural network* OR Artificial neural
network*) AND (wearable* OR smart watch* OR smart*) AND
(Diabetic OR Diabetes). All the databases had search time
period criteria that were enabled and set with the search query
from 2015 to present; in addition, the language checkbox in
each database was set to English only. Full search terms for
each electronic database searched are available in Multimedia
Appendix 2.
Studies were chosen based on the criteria in Textbox 1.
Peer-reviewed articles and published protocols were included
only if they were related to wearables that could be used by an
individual outside of a clinical setting. They also had to use AI
for the purpose of diabetes and be classified as noninvasive.
For full inclusion and exclusion criteria refer to Textbox 1.

Textbox 1. Inclusion and exclusion criteria.
Inclusion criteria
1.

Publications that are in the English language.

2.

Peer-reviewed articles including proposals.

3.

Population with or suspected to have diabetes. No restrictions regarding their age, gender, and ethnicity.

4.

Commercial, medical, or prototypes but with condition wearable device and uses artificial intelligence (AI).

5.

Wearable usable by individual person not with help of clinical staff or plugged in to hospital setting.

6.

Wearables using methods for diabetes analysis are to be noninvasive.

Exclusion criteria
1.

Any study that does not contain AI as an intervention.

2.

People with other diseases, health care providers, and caregivers as population.

3.

Not a wearable device (example artificial implant or body infused).

4.

Studies opting statistical measures only, for analysis of collected data.

5.

Sensors or tracking devices infused inside a person’s body.

6.

Wearable devices that need professional sittings or hospital sittings.
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Study Selection
This review’s studies were selected in 2 steps. In the first stage,
2 reviewers (AA and SA) independently reviewed the titles and
abstracts of all retrieved papers. In the second phase, the same
reviewers individually read the whole texts of the papers
included in the first step. Rayyan (Qatar Computing Research
Institute, Hamad Bin Khalifa University) [21], a web-based tool
developed for data management for systematic and scoping
reviews, was used to upload all the articles acquired from
databases in a Research Information Systems format; then,
filtering and citations were managed. During the first and second
steps of the selection process, any disagreements between the
2 reviewers were resolved through conversation and decisions
were made based on consensus.

Data Extraction
AA and SA constructed the data extraction form, as shown in
Multimedia Appendix 3. The data extraction technique was
carried out independently by 2 reviewers (AA and SA), and any
discrepancies were resolved by discussion and consensus.
Microsoft Excel was used to record the data extracted.

Data Synthesis
SA synthesized the extracted data using the narrative approach,
aggregating the data using tables and text and nonstatistical

Ahmed et al
techniques. For being more precise, we presented the search
results followed by general features of the studies, finally
describing characteristics of the WDs and AI technologies. We
described the general features of WDs (eg, device placement,
type, and operating system [OS]) and their technical features
(ie, features of sensors, such as sensors used, sensing approach,
and primary measurements). The AI features were addressed
based on the models used, the evaluation metrics, and their
applications.

Results
Search Results
Having searched 7 bibliographic databases, this study returned
3872 citations. As shown in Figure 1, a total of 294 duplicates
were subsequently removed, leaving 3578 unique titles, and
abstracts; publications that did not make use of AI technologies
via WDs for diabetes management were considered irrelevant.
Of these, we further excluded 3424 citations after screening
their titles and abstracts. Of the remaining 154 references, 117
publications were excluded during the full-text screening. We
were left with 37 studies, and this number remained unchanged
even after performing backward and forward reference list
checking. The synthesis included a total of 37 articles
(Multimedia Appendix 4 [7,8,13,14,22-54]).

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow chart of the study selection process. EC: exclusion
criteria; IC: inclusion criteria.
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General Description of Included Studies
Table 1 highlights the general features of the studies included.
Many of the included studies (27/37, 73%) were published
between 2019 and 2021, with the remaining 27% (10/37)
published between 2016 and 2018. Most of the included studies
were published in IEEE (21/37, 57%). A large proportion of
the studies were authored by institutes in the United States (7/37,
19%), China (5/37, 14%), and India (5/37, 14%). A total of 26
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of the 37 studies (70%) were journal articles, and the remainder
were conference proceedings (11/37, 30%). Most of the studies
targeted type 1 diabetes (T1D), T2D, or both (21/37, 57%),
whereas 32% (12/37) did not specify the type of diabetes and
mentioned diabetes in general. The remainder targeted
prediabetes or a combination of T1D, T2D, and prediabetes
(4/37, 11%). Features of each included study are shown in
Multimedia Appendix 5.
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Table 1. General features of included studies (n=37).
Features

Studies, n
(%)

Study ID

2019

10 (27)

S4, S8, S10, S16, S18, S20, S21, S24, S29, S30

2020

9 (24)

S3, S7, S11, S13, S15, S17, S19, S22, S35

2021

8 (22)

S5, S9, S12, S14, S25, S27, S28, S33

2018

6 (16)

S1, S6, S23, S34, S36, S37

2017

3 (8)

S2, S26, S32

2016

1 (3)

S31

IEEE

21 (57)

S1, S3, S5, S9-S11, S13-S18, S20, S24, S26, S28, S29,
S31, S32, S36, S37

Elsevier

3 (8)

S2, S12, S22

MDPI

3 (8)

S6-S8

ACM

2 (5)

S21, S35

Year

Publisher

Other (JMIR, IET, ICST, Confluence, BMJ Publishing Group, SPIE,
Telemedicine and e-Health, SAGE)

a

8 (22)

S4, S19, S23, S25, S27, S30, S33, S34

United States

7 (19)

S13, S14, S21, S27, S30, S31, S34

China

5 (14)

S5, S15, S18, S19, S37

India

5 (14)

S12, S17, S23, S25, S32

Pakistan

2 (5)

S3, S20

Switzerland

2 (5)

S6, S35

Bangladesh

2 (5)

S10, S24

Country

b

Other (Korea, Colombia, Canada, Morocco, Mexico, Italy, Macedonia, 14 (38)
Sri Lanka, United Kingdom, Russia, Taiwan, Philippines, Saudi Arabia,
Germany)

S1, S2, S4, S7, S8, S9, S11, S16, S22, S26, S28, S29, S33,
S36

Publication type
Journal articles

26 (70)

S1-S20, S22, S23, S27, S28, S33, S34

Conference proceedings

11 (30)

S21, S24-S26, S20-S32, S35-S37

Both T1Dc and T2Dd

9 (24)

S1, S5, S6, S8, S10, S11, S14, S24, S36

T2D

7 (19)

S2-S4, S15, S16, S21, S29

T1D

5 (14)

S13, S22, S30, S34, S35

T1D, T2D, and prediabetes

2 (5)

S12, S25

T1D and prediabetes

1 (3)

S17

Prediabetes

1 (3)

S27

Not specified

12 (32)

S7, S9, S18, S19, S20, S23, S26, S28, S31, S32, S33, S37

Diabetes type studied

a

1 study for each publication.

b

1 study for each country.

c

T1D: type 1 diabetes.

d

T2D: type 2 diabetes.

Study Design Features
Table 2 outlines details about the studies associated with this
review. More than half of the studies (21/37, 57%) had the aim
https://www.jmir.org/2022/8/e36010
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level monitoring (11/37, 30%). A couple of studies had multiple
aims, and the remainder aimed to provide diabetes classification
(4/37,
11%),
diagnostic
solutions
(5/37,
14%),
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self-administration and monitoring (4/37, 11%), and prevention
(2/37, 5%). Most of the studies did not mention anything about
security (31/37, 84%); the remainder did specify security
measures taken (6/37, 16%). Participants’ demographics
depicted most of them being adult (18/37, 49%) with both

genders considered in equal proportional in most of the studies
(10/37, 27%). Approximately 41% (15/37) of the studies used
diverse populations by separating them into people with diabetes
and people without diabetes. Study design features of each
included study are shown in Multimedia Appendix 5.

Table 2. Study design features (n=37).
Features

Studies, n (%)

Study ID

Blood glucose estimation (predictions)

10 (27)

S3, S18, S19, S21, S23, S25, S27, S28, S32, S33, S37

Glucose level monitoring

10 (27)

S7-S11, S15, S20, S24, S26, S30

Diagnostic solution

5 (14)

S4, S29, S33, S34, S35

Diabetes classification

4 (11)

S12-S14, S17

Self-administration and monitoring

4 (11)

S1, S5, S6, S31

Prevention

2 (5)

S2, S16

Study aim

Other disease predictions, detection, and monitoring (hypo- 2 (5)
glycemia and foot temperature)

S22, S36

Privacy and security
Not mentioned

31 (84)

S1-S22, S24-S26, S29, S30, S34-S37

Mentioned

6 (16)

S23, S27, S28, S31, S32, S33

Private

25 (68)

S2, S3, S5, S7, S8-S19, S21, S22, S24, S26, S29, S34-S37

Public

4 (11)

S1, S4, S6, S25

Not mentioned

2 (5)

S20, S30

Children and young adults (≤18)

1 (3)

S8

Adult (19-65)

18 (49)

S2-S5, S8, S10, S13, S15, S16, S17, S19, S21, S22, S27, S29, S31,
S33, S34

Older adult (>65)

6 (16)

S2, S4, S15, S21, S22, S33

Not mentioned

19 (51)

S1, S6, S7, S9, S11, S12, S14, S18, S20, S23-S26, S28, S30, S32,
S35-S37

Male

10 (27)

S2, S3, S5, S13, S15, S17, S18, S27, S29, S34

Female

10 (27)

S2, S3, S5, S13, S15, S17, S18, S27, S29, S34

Not mentioned

27 (73)

S1, S4, S6-S12, S14, S16, S19-S26, S28, S30-S33, S35-S37

Yes

14 (38)

S1, S4, S5-S7, S10, S12, S14, S15, S18, S19, S21, S27, S34, S36

No

15 (41)

S1, S5, S6, S8-S10, S12, S14, S18, S19, S27, S29, S31, S33, S36

Not mentioned

17 (46)

S2, S3, S11, S13, S16, S17, S20, S22-S26, S29, S30, S32, S35,
S37

Data source

Participant demographics
Age group (years)a

Gender

Diabetesb

a

Numbers do not add up as participants in some studies belong to more than one age group.

b

Numbers do not add up as participants in some studies were diabetic and nondiabetic.
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Features of WDs
General Features of Wearables
Table 3 highlights the general features of WDs; some studies
used multiple devices. Only 41% (15/37) of the studies used
commercially available WDs, whereas 59% (22/37) used
prototypes. Most of the studies (22/37, 59%) included
wrist-worn devices. In most of the studies, the device type was
in the form of a wearable sensor (14/37, 38%), followed by
smartwatch (8/37, 22%) and smart wristband (9/37, 24%). Only
one study reported a smart sock and another reported smart
clothes. Among the developed wearable technologies used,
Empatica E4 was the most cited (6/37, 16%), followed by
Glutrac (3/37, 8%). For OSs, most of the studies reported
devices either directly or indirectly compatible with iPhone OS
and Android OS 43% (16/37); OS was not mentioned in a large
number of studies (11/37, 28%), and 8% (3/37) mentioned
Android only and 5% (2/37) mentioned iPhone OS only. For
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gateway (ie, a hardware that acts as a “gate” between 2 networks
or any device that enables traffic to flow in and out of the
network), many of the studies did not mention any sort of
gateway (17/37, 46%). Most of the studies that mentioned a
gateway used a smartphone (16/37, 43%). Host devices (devices
where the actual manipulation of collected data was performed,
ie, processing) were used in many of the studies, the most
popular being cloud-based (18/37, 49%), many did not report
any use of a host device (8/37, 22%), and smart devices were
mentioned in 16% (6/37) of studies. For the purpose of
transferring data (mode of data transfer) from the WD, the
majority of devices reported Bluetooth as the means of transfer
(19/37, 51%); 19% (7/37) of studies did not mention the mode
of transfer. A total of 16% (6/37) of studies reported the use of
some form of internet connection as the mode of transfer (ie,
Wi-Fi or mobile network). Features of WDs for each included
study are shown in Multimedia Appendix 5.
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Table 3. General features of wearable devices (n=37).
Features

Studies, n (%) Study ID

Technology status
Prototype

22 (59)

S1, S3-S5, S8-S11, S16, S17, S20, S23, S24, S26, S28-S33, S36,
S37

Commercial

15 (41)

S2, S6, S7, S12-S15, S18, S19, S21, S22, S25, S27, S34, S35

Smart clothes

1 (3)

S1

Smart socks

1 (3)

S31

Smart watch

8 (22)

S2, S7, S14, S15, S18, S19, S28, S35

Smart watch and wearable sensor

2 (5)

S21, S24

Smart wristband

9 (24)

S4, S6, S12, S13, S25, S27, S30, S33, S34

Smart wristband, smart footwear, and smart neckband

2 (5)

S23, S32

Wearable sensor

14 (38)

S3, S5, S8-S11, S16, S17, S20, S22, S26, S36, S37

Body

1 (3)

S1

Chest

1 (3)

S11

Finger

5 (14)

S3, S8, S17, S20, S26

Foot

6 (16)

S5, S9, S16, S29, S31, S36

Hand

1 (3)

S10

Wrist

18 (49)

S4, S6, S7, S12-S15, S18, S19, S24, S25, S27, S28, S30, S33S35, S37

Wrist and arm

1 (3)

S21

Wrist or thigh

1 (3)

S2

Wrist, foot, and neck

2 (5)

S23, S32

Arm and body

1 (3)

S22

Actigraph

1 (3)

S21

Arduino Nano

1 (3)

S24

Basis Peak

1 (3)

S34

FreeStyle Libre Flash

2 (5)

S22, S35

Medtronic Zephyr

1 (3)

S22

Dexcom G4 Platinum (Professional)

1 (3)

S21

Empatica E4

6 (16)

S12, S13, S14, S25, S27, S35

Glutrac

3 (8)

S15, S18, S19

Mi band 2

1 (3)

S6

Raspberry Pi Zero

2 (5)

S8, S16

Pebble

1 (3)

S2

Custom

2 (5)

S26, S28

18 (49)

S1, S3-S5, S7, S9-S11, S17, S20, S23, S29-S33, S36, S37

Android

3 (8)

S2, S8, S16

iOSc

2 (5)

S9, S11

Microsoft

1 (3)

S31

Device type

Placement

Device technologya

Not mentioned
b

Operating system
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Studies, n (%) Study ID

Raspberry Pi OSd

1 (3)

S24

iOS and Android

16 (43)

S6, S7, S12-S15, S17-S20, S22, S23, S26, S28, S30, S32

Any desktop OS

3 (8)

S25, S27, S29

Any smartphone OS

1 (3)

S29

Not mentioned

11 (30)

S1, S3-S5, S10, S21, S33-S37

Smartphone

16 (43)

S1, S6, S7, S11-S15, S17-S20, S23, S28, S30, S32

Database servers (Hbase and Hadoop or Spark)

1 (3)

S33

Adapter

1 (3)

S4

Smartphone or PC

2 (5)

S25, S27

None

17 (46)

S2, S3, S5, S8-S10, S16, S21, S22, S24, S26, S29, S31, S34-S37

Cloud (MongoDb, Database server, Google)

18 (49)

S1, S6, S7, S11-S15, S17-S19, S23, S25, S27, S28, S30, S32,
S33

PC (laptop, desktop, or Microsoft Surface)

4 (11)

S4, S20, S29, S31

Raspberry Pi

1 (3)

S24

Smart devices (smartphone, tablet, or PC)

6 (16)

S5, S8, S9, S16, S22, S26

None

8 (22)

S2, S3, S10, S21, S34-S37

Bluetooth

19 (51)

S2, S5, S6, S9, S11-S15, S18-S20, S22, S25-S28, S30, S31

Internet (Wi-Fi or cellular or mobile network)

6 (16)

S1, S7, S8, S16, S17, S33

Gateway

Host device

Mode of data transfer

a

Internet (Wi-Fi or cellular or mobile network) and Bluetooth 2 (5)

S23, S32

Wired

2 (5)

S24, S29

Removable media

1 (3)

S4

N/Ae

7 (19)

S3, S10, S21, S34-S37

Numbers do not add up as some studies used more than one wearable device.

b

Numbers do not add up as the WD in one study worked on 2 operating systems.

c

iOS: iPhone operating system.

d

OS: operating system.

e

N/A: not applicable.

Technical Features of Wearables
Table 4 shows an overview of the technical features of the WDs
associated with the studies in this review. Devices were often
reported as having >1 device measure, and we reported these
primary measures along with the measurements used for the
respective studies. We observed that many studies reported
blood glucose (15/37, 41%) followed by temperature (10/37,
27%), heart rate (9/37, 24%) and galvanic skin response (9/37,
24%) as their top primary device measures. Regarding the
second feature shown in Table 4, the majority of the studies
reported on blood glucose as the main measurement studied
(27/37, 73%), followed by heart rate or variability (4/37, 11%).
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Most of the studies (28/37, 76%) reported an opportunistic
approach (ie, no input required from the participant) when
obtaining data using the WDs, whereas the remaining (9/37,
24%) used a participatory approach (ie, input required from the
participants). For sensing technologies, various sensors were
used, either built-in to the WD or as wearable sensors, often
reported as >1 sensor per device. We observed a large number
of
devices
in
the
studies
reviewed
reporting
photoplethysmography sensor use (12/37, 32%), while optical
heart rate was only seen in 5% (2/37) of studies among some
of the other less-reported sensors. Features of WDs for each
included study are shown in Multimedia Appendix 5.
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Table 4. Technical features of wearables (n=37).
Feature

Studies, n (%)

Study ID

Blood glucose

15 (41)

S3, S8, S10, S15, S17-S22, S24, S26, S28, S30, S37

Physiological

2 (5)

S1, S10

Heart rate, heart rate variability, or interbeat interval of the heart

9 (24)

S6, S11, S14, S22, S23, S32-S35

Galvanic skin response

9 (24)

S12-S14, S23, S25, S27, S32, S34, S35

Blood volume pulse

6 (16)

S12-S14, S25, S27, S35

Acceleration

6 (16)

S12-S14, S25, S27, S35

Plantar pressure

5 (14)

S5, S9, S23, S29, S32, S33

Temperature (skin, foot, shoe, air, or ambient)

10 (27)

S12, S13, S16, S23, S25, S27, S32, S34-S36

Step count

2 (5)

S7, S16

Primary device measurea

Other (sedentary behaviors, pulse wave information, inertial data,
8 (22)
weight, humidity, activity patterns, frequency of food intake and water,
and ankle edema quantification)

S2, S4, S9, S16, S21, S23, S31, S32

Measurement studiedb
Blood glucose

27 (73)

S1, S3, S6-S8, S10-S28, S30, S33, S37

Plantar pressure

3 (8)

S5, S9, S29

Heart rate or heart rate variability

4 (11)

S28, S33, S34, S35

Other (sedentary behavior, pulse wave, edema, general diabetes
symptoms, temperature, sleep quality, step counts, and GSR)

7 (19)

S2, S4, S31, S32, S34-S36

Opportunistic

28 (76)

S1, S2, S5, S7, S11-S14, S16-S29, S31-S33, S35-S37

Participatory

9 (24)

S3, S4, S6, S8-S10, S15, S30, S34

Accelerometer

5 (14)

S2, S13, S14, S21, S27

Photoplethysmography

12 (32)

S3, S10, S12-S15, S19, S20, S24, S25, S27, S28

Galvanic skin response

8 (22)

S10, S13, S14, S23, S24, S27, S32, S34

Near infrared

5 (14)

S3, S17, S18, S28, S37

Electrocardiography

3 (8)

S11, S18, S22

Continuous glucose monitoring

2 (5)

S21, S22

Bluetooth

1 (3)

S6

Pressure sensors

7 (19)

S5, S9, S23, S29, S32, S33, S36

Infrared thermopile

3 (8)

S13, S14, S27

Temperature sensor

6 (16)

S7, S16, S23, S24, S32, S36

Optical heart rate sensor

2 (5)

S23, S32

Vibration sensor and flex sensor

2 (5)

S23, S32

Motion sensor

2 (5)

S7, S31

Sensing approach

Sensing technologyc

Others (physiological sensors, pulse sensor, blood glucose level sensor, 6 (16)
Raspberry Pi camera, humidity sensor, step count sensor, weight
sensor, stretch sensor, and optical sensor)
a

S1, S4, S7, S8, S16, S31

Numbers do not add up as WDs in many studies were used to measures many biomarkers.

b

Numbers do not add up as some studies used more than one measure.

c

Numbers do not add up as WDs in most studies used more than one sensor.
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Wearables Characteristics With Regard to Diabetes
Measurements

smartwatches and smart wristbands were the most common as
commercial.

Wearable Technology Status Versus WD Type

Diabetes Types Versus WDs

Multimedia Appendix 6 further visualizes the data highlighting
the WD type and whether they are commercial or prototypes.
Wearable sensors were the most prominent as a prototype while

Figure 2 shows the type of diabetes and number of studies
related to each WD type. While most studies did not specify
the type, T1D (as a smart wristband), T2D (as a wearable
sensor), or both (as a wearable sensor or smartwatch) seem to
be the most targeted types.

Figure 2. Diabetes type with regards to wearable device type. PreD: prediabetes; T1D: type 1 diabetes; T2D: type 2 diabetes.

AI and ML Technologies
For the purpose of this study, we categorized the ML algorithms
into 4 categories (classification models, regression models,
neural network–based models, and optimization algorithms)
and those that were not clearly specified by the study authors
were categorized as black boxes (ie, studies that mention they
make use of ML or AI but do not specify any further details of
algorithms used). Many ML technologies were reported that
come under these headings (refer to Table 5 for a full list), and
some studies reported and compared >1 model. Support vector
machine (SVM) was the most reported (13/37, 35%), followed
by random forest (12/37, 32%), k-nearest neighbor (7/37, 19%),
https://www.jmir.org/2022/8/e36010

XSL• FO
RenderX

Naive Bayes (5/37, 14%), and decision trees (4/37, 11%) among
the most used models from classification models. From the
regression models, only linear regression (2/37, 5%) was
reported in a couple of studies, whereas all others were reported
by single studies only. Artificial neural networks were reported
in 14% (5/37) of the studies in neural network–based models,
followed by long short-term memory (4/37, 11%), convolutional
neural networks (3/37, 8%), and deep neural networks (3/37,
8%); these networks were used for both classification and
regression purposes. Table 5 also highlights that the majority
of the studies applied the AI and ML technologies for either the
purpose of blood glucose level forecasting (12/37, 32%) or
classifying the participants as normal, diabetic, or prediabetic
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
(12/37, 32%). Table 6 highlights some of the statistical measures
used to evaluate the ML algorithms within the reported studies.
Some studies used multiple statistical techniques for this
purpose, among them were reports of accuracy (20/37, 54%)
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and sensitivity (9/37, 24%). While some studies did not mention
which was the best ML model identified (6/37, 16%), random
forest was reported as the best identified model (7/37, 19%),
followed by SVM (6/37, 16%).

J Med Internet Res 2022 | vol. 24 | iss. 8 | e36010 | p.126
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Ahmed et al

Table 5. Artificial intelligence (AI)– and machine learning (ML)–related features (n=37).
Features

Studies, n (%) Study ID

AI or ML technologies useda
Classification models
Support vector machine

13 (35)

S1, S2, S4, S5, S9, S12, S13, S25, S29, S30, S33, S34, S36

Random forest

12 (32)

S2, S4, S5, S7, S11, S14, S15, S18, S27, S29, S36, S37

K-nearest neighbors

7 (19)

S5, S9, S12, S13, S25, S29, S31

Naive Bayes

5 (14)

S2, S7, S13, S31, S36

Decision tree

4 (11)

S1, S13, S31, S35

Ensemble learning or ensemble—boosted trees

2 (5)

S1, S13

Logistic regression

2 (5)

S2, S11

J48

2 (5)

S2, S7

Linear discriminant analysis or linear discriminant

2 (5)

S4, S13

Gradient boosting decision trees

2 (5)

S5, S35

AdaBoost classifier

1 (3)

S5

ZeroR

1 (3)

S7

OneR

1 (3)

S7

Simple logistic regression

1 (3)

S7

Gaussian Process classifier

1 (3)

S29

C4.5

1 (3)

S33

Linear ridge Classifier

1 (3)

S14

Extreme gradient boost

1 (3)

S12

Linear regression

2 (5)

S3, S16

Support vector regression or Fine Gaussian support vector regression

1 (3)

S3

Random Forest regression

1 (3)

S15

AdaBoost regression

1 (3)

S15

Multilayer Polynomial regression

1 (3)

S17

Ensemble—boosted trees

1 (3)

S3

Exponential Gaussian process regression

1 (3)

S20

Artificial Neural Network

5 (14)

S1, S2, S8, S26, S36

Long short-term memory

4 (11)

S6, S13, S21, S34

Convolutional Neural Network

3 (8)

S10, S22, S24

Deep neural networks

3 (8)

S11, S13, S22

Recurrent Neural Network

2 (5)

S21, S34

Multilayer Perceptron

2 (5)

S6, S29

Sequential minimal optimization

1 (3)

S7

L1 norm optimization

1 (3)

S19

Particle swarm optimization

1 (3)

S23

3 (8)

S19, S23, S32

Regression models

Neural network–based models

Optimization algorithm

MLa black box
Application of AI technology usedb
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a
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Studies, n (%) Study ID

Blood glucose level forecasting

12

S6, S8, S16, S18, S20, S22, S24, S25-28, S34

Blood glucose monitoring

4

11, S30, S32, S37

Classify patients with diabetes (normal, diabetic, and prediabetic)

12

S3, S4, S5, S6, S7, S12, S14, S21, S23, S29, S32, S36

Classify other diseases (patients with hypertension or hypoglycemia) 2

S33, S35

Evaluation of a developed system

3

S2, S10, S13

Feature selection

2

S3, S5

Performance validation

3

S1, S9, S15

Optimize sensors results

3

S16, S17, S19

Predictions for step count, shoe removal time, or serum glucose

2

S16, S17

Edema monitoring

1

S31

Numbers do not add up as most studies developed more than one AI algorithms.

b

Numbers do not add up as AI algorithms in some studies were used for more than one application.
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Table 6. Statistical evaluation of artificial intelligence and machine learning algorithm (n=37).
Characteristic

Value

Study ID

≤80

S6, S33

81-90

S15, S21, S28, S35, S36

91-95

S1, S9, S13, S15, S22, S25, S29

>95

S4, S5, S7, S12, S14, S30, S31

≤80

S35

81-90

S4, S6, S25, S33

91-95

S9, S22

>95

S5, S7

≤85

S35

86-90

S9, S22

91-95

S5, S25

>95

S4, S7

≤91

S22

>91

S35

≤74

S37

75-80

S19, S10

81-90

S18, S28

>90

S3, S8

Not mentioned

S24

≤80

S6, S33

81-90

S9

91-95

S25

>95

S2, S7

<5

S19, S21

5-15

S17

>15

S27

8 (22)

S3, S8, S16, S17, S19, S21, S27, S37

Artificial Neural Network

2 (5)

S8, S26

Convolutional Neural Network

3 (8)

S10, S22, S24

Deep Neural Networks

4 (11)

S14, S17, S21, S28

Support Vector Machine

6 (16)

S4, S9, S25, S29, S30, S33

Random Forest

7 (19)

S2, S5, S15, S18, S27, S36, S37

Long Short-Term Memory

1 (3)

S13

Accuracy (%; n=20)

Sensitivity (%; n=9)

Specificity (%; n=7)

Area under the curve (%; n=2)

Clarke Error Grid zone A (%; n=8)

Precision (%; n=6)

Root mean square error (%; n=4)

Others, n (%)

Best model identified, n (%)
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Value

Study ID

Decision Trees or Gradient Boosting Decision Trees

2 (5)

S31, S35

K-Nearest Neighbors

1 (3)

S31

Multilayer Perceptron

1 (3)

S6

OneR

1 (3)

S7

Ensemble

1 (3)

S1

Support Vector Regression

1 (3)

S3

Not mentioned

6 (16)

S11, S19, S20, S23, S32, S34

AI and ML Versus Wearables Versus Diabetes
Figure 3 shows the category of the ML algorithm used according
to each WD placement and measurement. Most devices that

made use of classification models among the wrist-worn devices
were the most prominent. Neural network and regression model
were the least used.

Figure 3. Artificial intelligence (AI) or machine learning (ML) models used with regard to wearable device placement and measurement studied. CM:
classification model; NN: neural network; RM: regression model.

Discussion
Principal Findings
This was the first study of its kind to the best of our knowledge,
considering the amount of features we were able to extract from
each publication. The features extracted should give researchers
insight not only into the technologies that are readily available
commercially but also into what is possible in the future with
studies we identified that developed prototypes. Our findings
https://www.jmir.org/2022/8/e36010
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shed light on this emerging field, which is still in its infancy.
This is further highlighted by the fact that 59% (22/37) of the
studies that met our inclusion criteria were prototypes; we were
only able to identify 41% as commercially available (as
demonstrated in Multimedia Appendix 6) devices, of which
only (7/15, 46%) studies performed some sort of ML
classification on the extracted data directly from WDs, whereas
(6/15, 40%) studies made use of neural network–based models
with classification to make out of already collected data. Most
of these measured blood glucose on wrist-worn devices and
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used a classification algorithm (Figure 3). Classification models
were widely used (Figure 3) in the reviewed studies, largely
owing to studies attempting to classify types of diabetes (T1D,
T2D, etc). SVM and random forest were the most prevalent
classifiers and exhibited the highest performance. SVM [55] is
extensively used because of its superiority in generalization and
nonlinear function fitting, and it also has a number of advantages
when dealing with small-sample studies [56]. Furthermore,
SVM is a binary classifier, and we observed that it is mostly
used on blood glucose level data to determine levels for diabetes
categorization. Aside from the accuracy for demonstrating
efficacy, the Clarke Error Grid was the most commonly used
performance metric, possibly because of its popularity as a
performance metric for assessing blood glucose estimation. The
grid was split into 5 zones, each with varied prediction accuracy
between the estimated and reference blood glucose readings.
The data fell within zone A, which pertains to precise glucose
calculations, where each consecutive zone is thought to have
progressively substantial erroneous estimations [57,58]. Most
of the sensory data being collected especially when looking at
commercially available devices, did not require any further or
minimal input from the user, meaning the person with diabetes
can get on with day-to-day tasks without having to worry about
taking regular invasive finger pricks for monitoring glucose
levels; for example, while still feeling that they are wearing a
stylish item such as a smartwatch. We specifically examined
studies after 2015, as previous studies related to the use of WDs
found that most wearables were used in this range [59]. One of
the reasons may be that Fitbit released its first device in 2009
and the Apple Watch followed in 2015; both these devices set
the tone for WDs, and it is not surprising that 59% (22/37) from
our review were wrist-worn. A total of 78% (29/37) of the
devices were connected to either a gateway or host device,
usually a smartphone (16/37, 43%) via either Bluetooth (19/37,
51%) or Wi-Fi or internet (6/37, 16%); this is likely owing to
the fact that web-based data are now more affordable and the
availability of low energy connectivity technology such as
Bluetooth. This ability to connect has resulted in more analytics
and data storage being possible on host devices than on
smartphones or directly on the cloud (18/37, 49%) of studies
in this review, compared with limited computing power on the
WD itself. One of the limitations of this is that devices need
continuous connections, which can be an issue, as reported data
can be lost if the connection is not maintained for long periods
[60]. We also observed that many devices used gateways or
host devices, which we believe to be largely because of the
limited computing power of WDs.

Strengths
This review was conducted according to the PRISMA-ScR;
therefore, it can be considered a high standard. Two reviewers
independently conducted the study selection and data extraction.
We believe this to be the first of its kind study focusing on WDs
targeting diabetes using AI approaches and were unable to
identify previous scoping reviews in the literature that has as
an exhaustive list of features extracted in this field. A
combination of expert research computer scientists and research
medical practitioners allowed us to explore the current
technologies in depth and highlight gaps in the research
https://www.jmir.org/2022/8/e36010
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community. The most popular databases in the health care and
information technology fields were searched; furthermore,
Google Scholar with forward and backward reference list
checking allowed an exhaustive search of the literature, reducing
the risk of publication bias.

Limitations
Only studies published between 2015 and 2021 in the English
language were included. Furthermore, we did not use Medical
Subject Headings terms in our search; therefore, we may have
overlooked some relevant studies. We excluded devices that
could be classified as WDs, such as electroencephalogram and
ECG machines, which limited their use in hospital settings. As
our focus was AI, we excluded any study of WDs and diabetes
that had a statistical measurement not considered an AI
approach. Although we included a large number of features and
some effectiveness measures, we fall short of critically assessing
the quality of each of the included studies—this goes beyond
the scope of our review—and we hope to cover this in a full
systematic review in the near future on the same topic.

Practical and Research Implications
WDs hold great potential for the self-monitoring of
diabetes-related parameters, and their ability to be paired with
a range of smart devices, including smartphones and general
connectivity to clouds, allows the continuous collection of data
from many biosensors that measure vitals and biosignals without
user interference. The fact that they can be worn in a stylish and
fashionable manner has potential for wider acceptance than
other technologies, such as CGMs. Although many studies have
used WDs for diabetes, we found that ML is still lacking in a
sizable number of these studies. With the limited number of
studies that reported the use of ML, we see great promise,
largely owing to the accuracy levels of the ML algorithms
reported in Table 6. Engineering and data science research
experts need to come together and identify the most common
sensors and technologies and study their effectiveness when
combined with ML approaches. In addition, commercially
available WDs are readily available and therefore sit in waiting
for researchers to conduct studies and apply ML and report
further in scientific journals to prove validity and instill
consumer confidence. Most of the papers identified in this study
used AI or ML algorithms for testing the validity of the system
functioning rather than identifying the approaches that could
be used for the development of such intelligent devices. More
work needs to concentrate on applying known ML algorithms
for the purpose of making more accurate diabetes-related
measurement calculations. Currently, the number of commercial
devices associated with studies are still very low, a quick search
on retail sites such as Amazon reveals many commercial devices
claiming diabetes-related measurements, which have still yet
to be validated with related studies, and this is one area where
researchers could get involved. Researchers need to make more
use of purpose-shifted devices as they are lying in wait as
opposed to creating prototypes and testing the effectiveness of
the many commercially available devices. We encourage
researchers to perform systematic reviews to assess the efficacy
of AI-based and non–AI-based WDs compared with traditional
medical devices. Some technologies that are classified as WDs
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such as CGMs are still classified as semi-invasive as they allow
the embedding of a sensor partially into participants’ skin, we
feel for wider acceptance especially for home use products the
technology really needs to move away from such sensors and
more studies now need to focus on how measurements can be
obtained from noninvasive sensors such as those available on
commercial smart watches. Further work is also required on
ML algorithms used for diabetes data that can be used on the
WDs as opposed to on host devices, as this would reduce some
issues reported such as loss of data owing to WD out of range
with the host device, which will become easier with time as the
technology advances and WD memories are no longer a
limitation. We suspect there would be less reliance on host
devices for some of the ML computations.
Another area for exploration is the use of the internet of things
(IoT); in our search, we found a handful of studies making use
of IoT. Most IoT papers describe the IoT architecture for
diabetes management without specifying the sensors or WDs
actually used or implemented, and do not go into much (if any)
detail about any ML deployed. There are many opportunities
in this domain; none of the studies were found to make good
use of developed commercial technologies such as Alexa,
Google Home, and Apple watches, which are readily available.
The possibilities here are endless, using a combination of data
gathered from sensors at the WDs with other patients and
personal data in real-time with IoT. This brings along with its
own caveats and the need to incorporate questions of privacy
and data sovereignty arising from the mass data storage in
cloud-based systems and the many interconnected devices and
hospital datacenters; there are issues that need to be considered
with the use of data and individual consent. There are also
problems regarding the scope of an individual’s consent to use
their data, as well as potential accountability if the data are
mishandled. There are dangers associated with AI algorithms

Ahmed et al
and their misdiagnoses, dangerous advice, or recommendations
that do not correspond to the required standard of care. Data
security breaches or the reidentification of previously
deidentified data may have unintended repercussions.
Furthermore, other ethical issues need to be considered, such
as accessibility, although commercial WDs that are easily and
cheaply available may not be affordable for the masses in
low-income countries. A multidisciplinary effort is required,
including but not limited to engineers, medical practitioners,
and legal experts.

Conclusions
We investigated and reported the current state of WDs and their
features for the purpose of diabetes that use ML approaches.
Considering the availability of consumer-grade biosensors, we
see great advancement potential in this domain, replacing
hospital setting, invasive devices, especially when it comes to
monitoring glucose levels. Further clinically significant studies
are needed to instill confidence and validate WD use as well as
the application of ML algorithms on WD data. Researchers and
those wanting to develop AI-based WDs can use our review to
understand where the gaps are in this emerging field. We
encourage readers to use more data and delve deeper into the
studies we have identified in order to establish, validate, and
repeat studies that showed high accuracy. There is still much
work needed, and we feel our review has provided the most
extensive work so far summarizing WDs that use ML for people
with diabetes to date. Finally, researchers will also benefit from
our study as they can embark on longer and better populated
systematic studies scrutinizing the benefits of WDs as data
gathering, monitoring, prediction, classification, and
recommendation devices in the context of diabetes. We envisage
several follow-up studies, starting with a full systematic review
from our own group.
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Abstract
Background: Pregnancy and the postnatal period can be a time of increased psychological distress, which can be detrimental
to both the mother and the developing child. Digital interventions are cost-effective and accessible tools to support positive mental
health in women during the perinatal period. Although studies report efficacy, a key concern regarding web-based interventions
is the lack of engagement leading to drop out, lack of participation, or reduced potential intervention benefits.
Objective: This systematic review aimed to understand the reporting and levels of engagement in studies of digital psychological
mental health or well-being interventions administered during the perinatal period. Specific objectives were to understand how
studies report engagement across 4 domains specified in the Connect, Attend, Participate, and Enact (CAPE) model, make
recommendations on best practices to report engagement in digital mental health interventions (DMHIs), and understand levels
of engagement in intervention studies in this area. To maximize the utility of this systematic review, we intended to develop
practical tools for public health use: to develop a logic model to reference the theory of change, evaluate the studies using the
CAPE framework, and develop a guide for future data collection to enable consistent reporting in digital interventions.
Methods: This systematic review used the Cochrane Synthesis Without Meta-analysis reporting guidelines. This study aimed
to identify studies reporting DMHIs delivered during the perinatal period in women with subclinical mood symptoms. A systematic
database search was used to identify relevant papers using the Ovid Platform for MEDLINE, PsycINFO, EMBASE, Scopus, Web
of Science, and Medical Subject Headings on Demand for all English-language articles published in the past 10 years.
Results: Searches generated a database of 3473 potentially eligible studies, with a final selection of 16 (0.46%) studies grouped
by study design. Participant engagement was evaluated using the CAPE framework and comparable variables were described.
All studies reported at least one engagement metric. However, the measures used were inconsistent, which may have contributed
to the wide-ranging results. There was insufficient reporting for enactment (ie, participants’ real-world use of intervention skills),
with only 38% (6/16) of studies clearly recording longer-term practice through postintervention interviews. The logic model
proposes ways of conceptualizing and reporting engagement details in DMHIs more consistently in the future.
Conclusions: The perinatal period is the optimal time to intervene with strength-based digital tools to build positive mental
health. Despite the growing number of studies on digital interventions, few robustly explore engagement, and there is limited
evidence of long-term skill use beyond the intervention period. Our results indicate variability in the reporting of both short- and
long-term participant engagement behaviors, and we recommend the adoption of standardized reporting metrics in future digital
interventions.
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Introduction
The Importance of the Perinatal Period
Pregnancy, delivery, and the postnatal period can be times of
increased psychological distress (stress, anxiety, or depression)
[1], and up to 20% of women experience depression during the
perinatal period [2,3]. There is considerable evidence that
psychological distress during this period has detrimental effects
on maternal health and can have long-term deleterious effects
on the child [4-7], as recognized as part of the Developmental
Origins of Health and Disease paradigm [8,9]. In particular,
there is growing evidence of intergenerational transmission of
poor mental health in utero and the first years of life through
these pathways [10]. Therefore, cost-effective, accessible
interventions that support lasting positive mental health while
also preventing symptoms of mental health problems are of
critical importance for public health. Mental health interventions
to promote well-being have the potential to not only improve
women’s outcomes but also minimize the risk of negative health
effect transmission to the next generation.
Health promotion strategies aim to enable optimal health and
skills to cope with adversity in well subclinical populations.
Therefore, it is important that efforts are made not only to deal
with illness but also to develop individuals’ emotional skills
that can be applied in everyday life [11]. Psychological
interventions aimed at perinatal women have also been shown
to be effective when delivered digitally [12]. Digital
interventions—that
is,
computeror
web-based
interventions—can be delivered offline or on the web via a
computer, tablet, or smartphone. In this format, interventions
can be accessed by numerous people across wide geographical
regions in a cost-effective and flexible manner [13]. Web-based
interventions may be particularly useful in the perinatal period,
given the accessibility issues faced by this population and as
many pregnant women search the internet for health information
[14,15]. Furthermore, these interventions may help overcome
numerous barriers that exist for women who attempt to access
traditional perinatal well-being, psychological distress
prevention, or treatment programs, especially challenges in
navigating psychosocial care systems [13]. Widespread
restrictions imposed because of the COVID-19 pandemic have
generated additional barriers to accessing mental health and
well-being information and services [16].

Digital Mental Health Interventions
Although a recent systematic review provided preliminary
evidence that web-based interventions can be a promising and
advisable form of intervention during the prenatal period [13],
there is a paucity of evidence on the long-term effectiveness of
these programs [17]. There are many issues affecting digital
mental health intervention (DMHI) implementation, such as
https://www.jmir.org/2022/8/e36620
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availability issues, lack of promotion by health care providers,
and lack of long-term outcome data; ultimately, program
engagement is key. Low uptake of effective, evidence-based
programs could diminish women’s and infants’ opportunities
to enhance their well-being, limiting equitable public health
benefits.
Dropout from the intervention and loss to follow-up reduces
the treatment effect [18]. Although it has been argued that
various strategies, including email prompts, SMS text messages,
and homework are ways of helping participants develop
intervention skills that can be applied, practiced, and sustained
[19], it is unclear how frequently studies of DMHIs use or
evaluate these strategies. Despite studies demonstrating
intervention efficacy for those that remain in the study, we argue
that it is just as salient to measure engagement as a benchmark
of effectiveness. Web-based interventions provide tools to learn
more about participant engagement and, furthermore, how it
relates to retention and intervention outcomes, both in the short
and the long term. This information can be used to understand
the dynamics of engagement [18] and how to strengthen these
characteristics in intervention development and delivery.

Assessing Engagement
It is widely accepted that the full benefit of many effective
treatments can be achieved only if the prescribed regime is
followed reasonably closely [20]. Recent reviews [21,22] have
consistently highlighted these challenges with regard to low
engagement and retention rates, particularly for digital programs
that often experience poor reach and uptake [13]. Sustained
engagement is a complex process that has been identified as a
crucial factor in intervention success [23]. However, there is a
lack of systematic methodologies to assess engagement,
particularly in real-world contexts. Comparing program
engagement across research studies is difficult because of the
wide range of strategies applied to evaluate engagement
outcomes [22,24]. Accordingly, applying structured processes
to assess engagement can make comparisons more meaningful.
One of the frameworks for evaluating engagement in
face-to-face programs, which can be adapted to web-based
programs, is the Connect, Attend, Participate, and Enact (CAPE)
model [25]. The CAPE model identifies and defines 4 aspects
of engagement at various stages of intervention. First, connect
pertains to how many people express interest in engaging in an
intervention out of those eligible. Second, attend refers to
continuous presence, such as the number of intervention sessions
a participant completes. Third, participate is the degree to which
participants actively engage with the content of the intervention,
such as completing intervention tasks and remaining in the
program. The final component, enact, refers to the participant
making use of intervention strategies or knowledge as part of
their daily life. Although this was developed to guide
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face-to-face parenting program engagement research, it can be
readily applied to understanding and measuring digital
intervention engagement in a research context.

Synthesis Without Meta-analysis (SWiM) reporting guidelines
[28] in conjunction with the development of a logic model to
understand the theory of change.

Objectives

Search Strategy

At a time when public resources are strained, policy makers and
program administrators are looking to invest in effective,
engaging prevention programs supported by scientific evidence
and delivering long-term benefits. Intervention engagement
must be foremost among these considerations, as this will
ultimately determine the degree to which the target population
takes up and benefits from the intervention when implemented
in the community. Systematic reviews are an influential
decision-making tool as they summarize a body of scientific
research; identify implications for policy and practice [26,27];
and can be used to guide investment decisions, particularly for
complex problems, such as poor intergenerational mental health.

The review question, search strategy, inclusion criteria, and
methods were registered in PROSPERO (International
Prospective Register of Systematic Reviews; approval number
CRD42020162283). The research question was as follows: what
is known about engagement in digital mental health and
well-being programs for women in the perinatal period? A
systematic database search was conducted to identify papers
relevant to the aims of this review. The initial search was
performed by the first reviewer (JAD), using the Ovid Platform
for MEDLINE, PsycINFO, EMBASE on the EBSCO Platform,
Scopus, Web of Science, and Medical Subject Headings on
Demand for all English-language articles published in the past
10 years (ie, from January 1, 2010, to May 29, 2020). Keywords
and index terms identified as relevant in the search strategy
were used and individual search criteria were developed for
each database. All the database search strategies are provided
in Multimedia Appendix 1. The impact of the COVID-19
pandemic delayed this publication; therefore, a subsequent rapid
review was undertaken in May 2022 and performed in Google
Scholar Advanced search to elicit any further publications since
June 2020.

This systematic review aimed to understand the reporting and
levels of engagement in studies of web-based psychological
mental health or well-being interventions administered in the
perinatal period to women with subclinical mood symptoms.
Specifically, we aimed to (1) understand how studies report
engagement, with engagement defined as containing the 4 steps
in the CAPE model; (2) make recommendations on best
practices to report engagement in DMHIs based on this; and
(3) understand levels of engagement in intervention studies in
this area.
To maximize the utility of this systematic review, we intended
to develop practical tools for future public health use: to develop
a logic model from the literature to reference the theory of
change, evaluate the studies using the CAPE framework, and
develop a guide for future data collection to enable consistent
engagement reporting in web-based (and offline) interventions.

Methods

Identification of Studies and Eligibility Criteria
The search strategy aimed to identify studies reporting on
engagement and retention in digital mental health and well-being
programs for women during and after pregnancy. Clear inclusion
and exclusion criteria were developed using the Population,
Intervention, Comparison, Outcomes, and Study framework to
guide the inclusion criteria for participants, intervention or
phenomena of interest, comparators, outcomes, study design,
and context (Textbox 1).

The methods used in this systematic review combine standard
rigorous and transparent review methods using the Cochrane
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Textbox 1. Inclusion and exclusion criteria (based on the Population, Intervention, Comparison, Outcomes, and Study framework).
Inclusion criteria
•

•

Participants
•

Childbearing individuals in the perinatal period (ie, from conception to the first year of the infant’s life)

•

Studies focusing predominantly on the childbearing individual but can include partners

•

Studies that include childbearing individuals at moderate risk for psychological distress (ie, with Edinburgh Postnatal Depression Scale
score ≤12)

•

Studies that include women at risk of postnatal depression with a history of depression or anxiety (ie, early intervention)

Intervention
•

•

Comparators
•

•

Studies with any form of comparator were considered

Outcomes
•

•

Any minimal contact digital interventions provided in the perinatal period aiming to reduce mild to moderate psychological distress or
promote psychological well-being (ie, minimal contact as defined by a maximum of <1 hour of direct contact each week)

None; although the focus of the review was on engagement outcomes, we included any studies of interventions meeting the above criteria
to determine the proportion that reported engagement outcomes

Study design
•

Quantitative (eg, randomized controlled trials, quasi-experimental studies, cohort studies, descriptive studies), and qualitative studies

Exclusion criteria
•

•

Participants
•

Studies considering programs before conception and those specifically targeting the child

•

Studies focusing predominantly on the partner or father

•

Studies that include women at high risk for psychological distress (ie, with Edinburgh Postnatal Depression Scale score ≥13)

Intervention
•

Interventions with a primary focus other than mental health or well-being (eg, parenting self-efficacy)

•

Interventions delivered face to face or as telehealth or telephone coaching

Selected Studies
All papers that appeared eligible based on their title and abstract
were retrieved for screening. The first author (JAD) reviewed
the titles and abstracts of all papers, assessed eligibility, and
noted any reasons for exclusion. Full-text articles were assessed
for eligibility and reviewed independently by both the first
author (JAD) and third author (LYG). Once the third author
(LYG) had reviewed the papers, any discrepancies were resolved
through team discussion. The reference lists of the included
studies were examined to identify additional relevant papers.

Coding of Study Characteristics and Data Extraction
Key article characteristics were recorded using a Microsoft
Excel (version 2020) data extraction table developed for this
review. These characteristics included general information about
the study, such as the country and author, along with specific
information about the study design, comparators, and
intervention type. Coding of the study characteristics enabled
us to group the studies as part of our synthesis. As our primary
https://www.jmir.org/2022/8/e36620
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aim was to understand the engagement of the study population,
we characterized the assessment time points, engagement
measures, and reporting of attrition and adherence. Data relevant
to engagement were extracted using the CAPE framework; this
included variables for recruitment, retention, attrition, and
follow-up time points. A framework analysis methodology [29]
was used to determine which variables should be included in
each step of the CAPE framework.

Development of Logic Model
Logic models can help conceptualize a complex review question
and specify analytic links to test the plausibility that a program
works as intended [26]. Logic models typically illustrate the
chain of reasoning underpinning how interventions lead to
immediate (or short-term) outcomes and then to longer-term
outcomes and impacts [30]. A key part of the model is detailing
the mechanisms of change within the pathway and the
moderating and mediating factors that may be associated with
or influence outcomes. This is often referred to as the theory of
change [30]. In this systematic review, the research team
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developed a logic model to aid the process of understanding
how and when the CAPE framework could be applied to
interpret the role of different engagement variables in promoting
outcomes in digital perinatal mental health and well-being
programs. The project team collaboratively developed the logic
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model, drawing on themes in the literature and the team’s
collective knowledge and experience. To develop the logic
model, we incorporated the types of engagement metrics found
in the selected studies that could be used to assess engagement
(Figure 1).

Figure 1. Proposed logic model. GP: general practitioner; DMHI: digital mental health intervention.

Quality Appraisal and Risk of Bias
The risk of bias for studies included in this review was based
on the Cochrane Collaboration’s tool for assessing the risk of
bias for each category of study (ie, randomized controlled trials
[RCTs] and non-RCTs), and the risk of bias was adapted for
this review and classified as low, uncertain, or high based on
the Cochrane risk of bias tool [31] and the primary aim of this
systematic review (ie, engagement rather than efficacy). The
assessment of study quality was undertaken by the first author
(JAD) and reviewed by the project team. Multimedia Appendix
2 [17,32-46] provides the detailed risk of bias assessments of
the included studies.

standardized metrics used for the synthesis of findings.
Specifically, we undertook the following steps:
1.

2.

3.
4.
5.

Synthesis of Results
As this systematic review synthesized the results from a diverse
range of interventions, we used SWiM guidelines [28] to
promote transparent reporting. The SWiM items enable studies
to be grouped and provide guidance on the reporting of

https://www.jmir.org/2022/8/e36620
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6.

Summarized the characteristics of each study and reported
intervention implementation, recruitment and engagement
activities, study findings, reported attrition, and
methodological quality
Determined which studies were similar enough to be
grouped within each comparison by comparing across
studies (eg, types of digital platform and postnatal vs
antenatal)
Determined which data were available for synthesis
Synthesized the characteristics of the studies
Performed a statistical synthesis for appropriate quantitative
data and comprehensive critical appraisal through a
meta-synthesis approach for qualitative data
For each trial included in this systematic review, we
recorded counts of trial participants who were assessed for
eligibility, those who were recruited, and those who were
allocated to the intervention and control arms; rates of
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recruitment, trial completion, and loss to follow-up were
synthesized by evaluating the proportion of recruitment,
completeness, and loss to follow-up in base R (R
Foundation for Statistical Computing) statistical package
[47]; synthesized data were reported as forest plots [48].

Results
Included Studies
The electronic searches generated a database of 3473 potentially
eligible studies that were assessed using the review eligibility
criteria. After duplicates were removed (680/3473, 19.58%),
all titles and abstracts were screened for eligibility. In total, of
the 3473 studies, 2795 (80.48%) records were screened, and
2654 (76.42%) were excluded based on the inclusion or
exclusion criteria (Textbox 1). After the first screening, 5.31%

Davis et al
(141/2654) of potential studies remained; the full-text articles
were assessed for eligibility by the first and third authors. Of
the remaining 141 studies, 125 (88.7%) were excluded on
consensus by the project team; the first and third authors
independently screened the papers that were verified by the
team, resulting in a final selection of 16 (11.3%) studies to be
included in the synthesis. The final studies were then grouped
according to the study design.
The literature search and inclusion processes are detailed in the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) flow diagram (Figure 2). The search flow
diagram indicates the papers that were selected for synthesis
using the PRISMA guidelines [49]. A secondary rapid search
conducted in 2022 did not yield any additional papers that met
our specific inclusion criteria.

Figure 2. Search flow diagram (PRISMA [Preferred Reporting Items for Systematic Reviews and Meta-Analyses]). RCT: randomized controlled trial;
SWiM: Synthesis Without Meta-analysis.
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Synthesis of Results

Study Characteristics

Overview

In all groups, there was a range of therapeutic approaches,
including cognitive behavioral therapy, parenting education,
positive psychology, mindfulness, and compassion-based
training. Several studies used a psychoeducation approach to
build parenting self-efficacy, such as Chan et al [50], Shorey et
al [51], Corno et al [32], and Tsai et al [34]. In group 1, overall,
25% (4/16) were delivered as self-help internet interventions
and 13% (2/16) as smartphone-based mobile apps; in group 2,
all were delivered as self-help internet interventions; in group
3, all were delivered as internet interventions apart from the
study by Barrera et al [37], which was delivered as an SMS text
messaging program. In addition, 13% (2/16) of studies included
the assessment of physiological biomarkers: Cornsweet [38]
and Matvienko-Sikar and Dockray [41]. A summary of the study
characteristics is reported in Tables 1-3 (a more detailed report
is available in Multimedia Appendix 2, including intervention
outcomes). For this review, we reported engagement measures
collected for each study as CAPE metrics.

The primary aim of this systematic review was to assess the
engagement of women participating in digital mental health or
well-being interventions; therefore, the standardized metric and
transformation method [28] used across all studies were those
used to evaluate engagement rather than well-being effect sizes.
On analysis of study characteristics, we grouped the 16
interventions according to study design to provide a cohesive
comparison in a broad range of study types. Group 1 was RCTs
(6/16, 38%), with active and control arms. Generally, RCTs
had a longer follow-up period (maximum of 12 months). Group
2 included non-RCTs (3/16, 19%), with no active comparators
and brief or no follow-up period. Group 3 comprised pilot RCTs
(7/16, 44%) with active and control arms and a follow-up period.
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Table 1. Group 1: randomized controlled trials (N=6).
Intervention type,
Study aims (sample
format, and duration size)
Self-guided;
iWaWaa; 9 modules
[13]

Engagement measures:
connect

Assess the feasibility •
and acceptability of
iWaWA among
postpartum women
with anxiety (89
participants)
•
•

Engagement measures:
attend

Engagement measures: Engagement measures:
participate
enact

Assessed for eligibil- •
ity (n=147): recruited via social media,
posters, and flyers •
and numbers recruited
•
Reasons for exclusion
89 enrolled and randomized to treatment and control

Engagement with
•
internet-based components
Attrition and attendance
Participant CON-

Module views,
module completion, number and
duration of support calls

•

SORTb flow diagram (access, allocation, and follow-up)

Treatment feasibility (engagement
and usability) and
acceptability (usefulness, satisfaction, and helpfulness) were assessed after treatment through
semistructured interviews

Smartphone-based
mobile app [50]

Assess the differ•
ence in the levels of
antenatal and postna- •
tal depression in
participants (660
•
participants)

Assessed for eligibil- •
ity (n=803)
Reasons for exclusion
660 enrolled and
randomized (intervention or treatment •
as usual)

Participant CON•
SORT flow diagram
(eligibility, enrollment, randomization, follow-up, and
analysis)
Retention rates

The use of the app •
and other relevant
services (eg, ante- •
natal classes and
other pregnancy
resources: books
and websites) documented by selfreport

Postintervention
survey included
Use of the app

Web-based compassion-based intervention; Kindness for
Mums Online; 5-6
weeks [52]

Assess the effect of
the intervention on
participants’ wellbeing (206 participants)

•

Assessed for eligibil- •
ity (n=310)
Recruitment methods: social media
and snowball sampling
Participant vouchers
Accessibility
Reasons for exclusion
206 enrolled and
randomized

Participant CON•
SORT flow diagram
(enrollment, allocation, follow-up, and
analysis)

Reporting of attri- •
tion and engagement (ie, completion of sessions
and frequency or
program use)

Acceptability: participants were
asked to rate the
ease of use and
satisfaction after
the intervention

Assessed for eligibil- •
ity (n=472)
Screening and baseline assessment
(n=344)
Reasons for exclu- •
sion
•
Randomized
(n=314)

Participant CON•
SORT flow diagram
(eligibility, alloca- •
tion, follow-up, and
analysis)
•
Attendance rates
Reporting of retention

Reporting of attri- •
tion
Feasibility and acceptability
After completing
each exercise, participants were instructed to exercise the steps during the day; participants provided a
graphical
overview and a
web-based diary
book where they
registered their reflections

Reporting of retention and attrition
after the intervention

Assessed for eligibil- •
ity (n=237)
Recruitment methods (email lists, social media advertising, and posters in
community settings)
Reasons for exclusion
Enrolled and randomization methods

Participant CON•
SORT flow diagram
(recruitment, allocation, follow-up, and
analysis)
•

Regular reminders •
to log on or contact the research
team via email
Reporting of retention and attrition

Postcourse evaluation 45 days after
baseline

•

•
•
•
•

A Chinese version
of the MBSPc program; 10 hours of
training with 36
episodes; 6-week internet-based intervention [53]

Assess the effect of
the mindful selfcompassion intervention on preventing
postpartum depression in a group of
symptomatic pregnant women (314
participants)

•
•
•
•

Evaluate the poten- •
tial of a web-based
mindfulness course •
for expectant participant women (185
“Be Mindful Online”; 4 weeks on the participants)
web [54]
•
Condensed webbased version of an
8-week mindfulness
course;

•
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Intervention type,
Study aims (sample
format, and duration size)
Mobile app for psychoeducation and
postnatal depression;
“Home-but not
Alone” [51]

a

Engagement measures:
connect

Examine the effec- •
tiveness of the program in improving
•
participant parenting
outcomes (250 partic- •
ipants [couples])
•

Davis et al
Engagement measures:
attend

Assessed for eligibil- •
ity (n=360 couples)
Reasons for exclusion
Recruitment methods
Randomization
methods to intervention or control

Engagement measures: Engagement measures:
participate
enact

Participant CON•
SORT flow diagram
(eligibility, recruitment, allocation,
follow-up, and analysis)

The research team •
monitored the use
of the app and parents received reminders each
week

Intervention
posttest

iWaWa: internet-based What Am I Worried About.

b

CONSORT: Consolidated Standards of Reporting Trials.

c

MBSP: Mindfulness-Based Strengths Practice.

Table 2. Group 2: non–randomized controlled trials—case series, open trial, and quasi-experimental (N=3).
Intervention type,
Study aims (sample
format, and duration size)

Engagement measures:
connect

Positive psychology
web-based intervention; 5-week webbased self-applied
positive psychology
intervention specifically adapted for
pregnant women; 4
modules [32]

Examine the effect •
of a positive psychology web-based inter- •
vention on indices of
participants’ prenatal well-being (6
participants); case
series design

Internet program
plus weekly phone
coaching sessions,
individually or

Examine the feasibility, acceptability,
and preliminary outcomes of MMB for
use with pregnant
women at risk for
depressive relapse
(37 participants);
open trial—no control group

group-wise; MMBa
program; 8 weeks
[33]

•
•
•
•
•
•

Web-based modules:
web-based maternity
health records, antenatal health education, self-management journals, and
infant birth records
[34]

a

Investigate the effec- •
tiveness of a webbased antenatal care
and education system on pregnancy•
related stress, general self-efficacy, and
satisfaction with an- •
tenatal care (135
participants) quasiexperimental design

Eligibility and recruitment method
Preassessment on
the web

Engagement measures:
attend
•

Engagement measures: Engagement measures:
participate
enact

Weekly emails—re- •
minders for assessments
•

Assessed for eligibil- •
ity (n=48)
Reasons for exclusion
Recruitment methods—flyers and via
service providers
Prescreening by
phone
Intake interview in
person or by phone
Participant enrollment and flow (eg,
reasons for declining to participate)

Participant CON-

•

SORTb flow diagram (eligibility,
enrollment, followup, and analysis)

•

Eligibility—control •
(n=75) and experimental (n=80)
group at pretest
Recruitment meth- •
ods (convenience
sampling)
Assignment methods to experimental
or control groups

Participant CON•
SORT flow diagram
(enrollment, followup, and analysis)
Attrition

•

•
•

Compliance with Exercise preferences
the intervention
were assessed at the
measure was devel- posttest time point
oped by the research team
No reported attrition

Session completion and participation in phone
coaching calls
Home practice
completion
Participant engagement (eg, completion of sessions,
practice per week,
and time)

Self-reported satisfaction (perceived benefits
and challenges) via
questionnaire and engagement interview
(qualitative) at session
completion

Assistance was of- N/Ac
fered via telephone, email, web
conferencing, or
face-to-face guidance
Follow-up phone
calls were made to
the participants
Attrition

MMB: Mindful Mood Balance.

b

CONSORT: Consolidated Standards of Reporting Trials.

c

N/A: not applicable.
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Table 3. Group 3: pilot studies (N=7).
Intervention type,
Study aims (sample
format, and duration size)
Brief web-based
self-help intervention—5 components
considered effective
in challenging negative beliefs [35]

Engagement measures:
connect

Assess positive
•
mood in participat- •
ing mothers of babies and toddlers (80
participants)
•

Automated self-help
internet intervention;
8 lessons—accessible anytime [36]

Assess the efficacy •
of the intervention to
reduce the risk of
•
postnatal depression •
in participating
women (111 participants)
•
•

Engagement measures:
attend

Eligibility
•
Recruitment methods—internet,
leaflets, and community postnatal
groups
Randomization
methods

Only 1 session

Assessed for eligibil- •
ity (n=5071)
Consented (n=2966)
Recruitment methods—web-based
search engine directories, (eg, Google •
advertisements
“sponsored links”)
Randomization
methods
Initial log-ins to the
website

Participant CON-

Minimal contact automated SMS text
messaging; BabyText program [37]

Assess acceptability •
of an SMS text mes- •
saging program to
prevent postpartum
depression (10 participants [pregnant and
postpartum women])

Eligibility
•
Recruitment methods—flyers at general public bulletin
boards and community agencies; websites and blogs

Intervention—selfguided; 15 steps,
each of which takes
45 minutes [38]

Assess feasibility
•
and acceptability;
study 1 (n=6): effects of a single
teaching and
•
biofeedback session
on maternal and fetal biofeedback;
study 2 (n=9): effect
of consumer satisfaction

Study 1: eligibility
and recruitment
methods (flyers at
antenatal classes)
Study 2: eligibility
and recruitment
methods (flyers at
antenatal classes)

Assess a CBTb peer •
support intervention
to prevent postnatal
depression in partici- •
pants (24 partici•
pants)

User-centered-de•
sign, recruited via
flyers
Assessed for eligibility (n=216)
Completed baseline
assessment (n=30) •
Enrolled and randomization methods

8-week web-based
prevention intervention; website plus
initial phone call; 16
core didactic lessons
plus 3 postpartum
booster sessions and
5 associated tools
[39]

•

•

•

Engagement measures: Engagement measures:
participate
enact
•

•

•
SORTa flow dia•
gram (eligibility,
consent, allocation,
follow-up, and anal- •
ysis)
Adherence

Includes discussion on experience
and engagement
and feedback assessment

•
•

Attrition

•

Feedback assessment (qualitative)
Acceptability assessment

•

Compliance

XSL• FO
RenderX

Acceptability—an
open-response
question at the end
of the intervention
(qualitative)
Implications for
policy and practice

Automated email •
messages
Automated selfhelp via website
Log-ins, total time
spent logged into
the website, and
the last lesson
viewed recorded
Module feedback
on the materials
viewed (eg, usefulness and understandability)
Attrition

•

Study 1: compliance •
with baseline and 2 •
conditions (teaching
and practice)
Study 2: compliance
to complete 15 steps

Attrition
•
Feasibility and acceptability
•

•

Participant CON•
SORT flow diagram
(screened, complet- •
ed the baseline assessment, and enrolled)
•
Adherence
•

https://www.jmir.org/2022/8/e36620

Compliance (miss- •
ing data)

Email notifica•
tions
Total log-ins and
completion of
tools and lessons
Peer support features (likes, comments, nudges,
and posts)
Reporting of attrition and site use
(log-ins); usability
and acceptability

Study 1: no
postintervention
measures
Study 2: postintervention assessment and interview
Qualitative follow-up

Usability and satisfaction (Usability,
Satisfaction, and
Ease of Use questionnaire)
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Intervention type,
Study aims (sample
format, and duration size)
Self-guided, webbased intervention to
prevent postpartum
depression symptoms; Be a Mom; 5
modules [40]

Engagement measures:
connect

Explore the process- •
es underlying therapeutic change for
•
participants in the
intervention (194
•
participants)
•
•
•

Web-based mindfulness and gratitude
intervention 4 times
a week for 3 weeks
[41]

Assess the effect of
a novel gratitude and
mindfulness-based
intervention on prenatal stress, cortisol
levels, and well-being in participating
women (46 participants)

•
•

•
•
•
•

a

Davis et al
Engagement measures:
attend

Engagement measures: Engagement measures:
participate
enact

Assessed for eligibil- •
ity (n=643)
Email invitation to
participate
Recruitment methods—in person and •
web-based
Reasons for exclusion
Baseline assessment
(n=241)
Randomization
methods (intervention or waitlist control)

Participant CON•
SORT flow diagram
(eligibility, enrolled,
randomized, and
follow-up)
•
Adherence

Email reminders
•
after 7 days without accessing intervention
Attrition

Postintervention
measures included
emotion regulation, psychological
flexibility, and
self-compassion

Assessed for eligibil- •
ity (n=362)
Recruitment methods—posters,
leaflets, and pregnancy forums
Reasons for exclusion
Randomization
methods
SMS text message
reminders
No additional contact with the study
team during the
study period

Participant CON•
SORT flow diagram
(enrollment, allocation, follow-up,
analysis)

Participant adher- •
ence was evaluated as the total frequency of completion of the webbased diary entries
Proxy measure for
full intervention
use

Limitations in fidelity evaluation

•

CONSORT: Consolidated Standards of Reporting Trials.

b

CBT: cognitive behavioral therapy.

Variables Assessed to Evaluate Engagement
Overview
Participant engagement was evaluated using the CAPE model
of engagement [25], which is described in more detail in the
following sections. Three-quarters of all the studies included a
CONSORT (Consolidated Standards of Reporting Trials)
participant flow diagram with similarities in reporting (ie,
enrollment, allocation, follow-up, and analysis). In terms of
strategies to prompt engagement and promote retention
(attendance and participation), various methods were used and
reported, including email and text reminders, peer support
features, and phone calls to participants.

Connect: Exposure and Enrollment
Connect was operationally defined as the proportion of
participants who entered the study and started the intervention
relative to those who were aware of the study. Although many
studies reported the exposure methods for the target audience,
for example, advertising via Facebook, Twitter, web-based
email lists, community sites (medical and retail), and third-party
websites (Ashford et al [13], Krusche et al [54], and Felder et
al [33]), there were rarely reporting of the total population size
exposed to advertising and other recruitment means. Many
studies reported eligible participants who made the initial
https://www.jmir.org/2022/8/e36620
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contact. For example, Barrera et al [36] reported eligible
participants (n=5071) as female, pregnant, aged ≥18 years, and
interested in the study website for personal use. From this total
group, 2966 participants went on to participate by signing an
informed consent form. A further 2114 potential participants
were excluded, and the reported reasons included website error,
current or missing status of major depressive episodes, and
incomplete baseline. The final number of randomized
participants was 852. Given the substantial drop-off between
exposure to recruitment methods and randomization, reporting
metrics at each stage of this process can highlight where efforts
must be targeted to increase engagement.
All studies in this review reported enrollment rates in the
intervention, which we defined as those who commenced the
intervention relative to those who expressed interest in the study.
Conversion to commencement was based on multiple factors,
not just the participants’ decision to engage, both dependent
and independent of the inclusion or exclusion criteria. Most
studies in this review reported reasons for exclusion, ranging
from lack of contact or completion of baseline surveys to
elevated mental distress scores. Enrollment rates varied from a
high rate of 82% (Chan et al [50]; group 1) commencing from
the eligible study sample, with the lowest enrollment rate at
12% (Duffecy et al [39]; group 3). Generally, there were higher
enrollment rates in the group 1 studies (clustering approximately
J Med Internet Res 2022 | vol. 24 | iss. 8 | e36620 | p.147
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60%) than in group 3 (clustering approximately 25%). Only
one of the studies reported strategies designed to increase
enrollment. Duffecy et al [39] undertook a user-centered design
process before the pilot trial to engage women from the target
population in the intervention-building process. However, this
study also reported the lowest enrollment rate.

Attend: Retention and Continuous Presence
In face-to-face interventions, attendance refers to the proportion
of the sessions attended by each participant. Ideally, for digital
interventions, attendance would be a measure of the amount of
intervention completed (eg, the mean number of intervention
modules relative to the total number of modules) or similar,
such as the number of participants who completed all web-based
interventions. This information was not stated in any of the

Davis et al
studies included in this review. As a result, we calculated a
proxy for intervention attendance as study attendance,
operationally defined as intervention retention and continuous
presence (continued interaction with the intervention), in both
the intervention and control arms (where controls were used).
All studies reported retention in terms of the rate of those who
enrolled versus those who completed the study.
The highest reported study retention (groups 1 and 3) was
reported by Ayers et al [35] at 90%. Barrera et al [36] had the
lowest intervention retention at 13%. (Figure 3 [13,50-54] and
Figure 4 [35,36,39-41]).
In the control arm, Guo et al [53] had the highest participant
retention rate of 89%, whereas Barrera et al [36] had the lowest
at 13%.

Figure 3. Participant retention in the intervention arm (group 1); 95% CIs determined by test of proportions [13,50-54].
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Figure 4. Participant retention in the intervention arm (group 3); 95% CIs determined by test of proportions [35,36,39-41].

Participate: Active Engagement
Participation was operationally defined as the completion of
intervention activities; that is, active engagement with the
intervention material. Follow-up prompts to encourage
participation varied across studies; however, there were mostly
weekly reminders such as SMS text messages, emails, and phone
calls. A broad spectrum of metrics was used to report ongoing
participation in each study, including module views, module
and home practice completions, engagement with web-based
components, use of the app (frequency of log-ins) and other
relevant services (eg, antenatal classes), number and duration
of support calls, and web-based diary entries. The heterogeneous
nature of recording these activities is appropriate for the types
of intervention strategies but limits our ability to consistently
report and compare across studies.
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Enact: Sustained Practice (Leading to Long-term
Well-being Effects)
The limited follow-up period restricted our ability to report
against measures indicating that participants applied and
practiced learning skills [24]. Immediate postintervention
follow-up was reported by all studies through a combination of
self-report assessments, interviews, program accessibility,
acceptability, and satisfaction; however, this did not necessarily
include commentary on putting skills into practice.
Approximately 31% (5/16) of studies undertook postintervention
interviews to unpack outcomes such as usefulness, satisfaction,
experience, and engagement. These interviews contributed more
robust information to the user experience and provided some
insight into the reasons for participation or enactment (or lack
thereof) but not necessarily on the enactment itself (ie, use of
the intervention skills). For example, internet-based What Am
I Worried About (Ashford, 2018) was experienced as not
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user-friendly enough, too long, and not smartphone-friendly.
Parts of the content were experienced as not always relevant or
appropriate. The participants felt that the program could be
improved by having it in a smartphone app format and by
making the content more concise and inclusive of different
parenting styles. Guo et al [53] had the highest participation
rate and longest follow-up period (12 months post partum), and
participants rated the program as highly useful.

Logic Model Development
Through the analysis and reporting of each study, we recorded
the types of quantitative and qualitative measures found in the
selected studies that could be used to measure engagement. This
enabled us to systematically construct a logic model based on
our understanding of how interventions are expected to work.
This was particularly pertinent for this systematic review as we
did not perform a meta-analysis. As indicated, we grouped
variables related to the CAPE framework; the logic model
includes a range of metrics that could be systematically reported
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when synthesizing engagement data to visually interpret the
underlying theory of change.
The logic model (Figure 1) contains 6 columns detailing the
intended pathway from inputs (engagement strategies) to
long-term outcomes or impacts. This approach takes a
long-standing view of interventions to achieve their intended
consequences. To build this model, we incorporated the types
of measures undertaken in each study in this systematic review,
as well as a broader range of CAPE measures found in the wider
literature. The logic model indicates the point in the pathway
at which the data should be collected. Mechanisms of action
are factors that may facilitate engagement using a strength-based
approach.
As part of this systematic review, we aimed to develop a guide
for future data collection to enable consistent engagement
reporting in web-based (and offline) interventions. Table 4
outlines a range of metrics that could be consistently applied in
future data collection and reporting to enhance understanding
of engagement and enable comparative intervention assessments.

Table 4. Proposed reportable metrics: engagement.
CAPEa model of engagement

Measures

Definitions

Connect

Exposure and enrollment (rates should be
reported for each trial arm separately)

•
•
•
•

Attend

Intervention retention

•
•

Participate

Intervention activity

•
•
•
•

Enact

a

Sustained practice

Defined target population (ideally with population size if available)
Methods of recruitment and size or proportion of the population exposed to each recruitment method
Enrollment rate: proportion of participants who start the intervention
relative to those who are exposed to the intervention and those who
provide consent for the study
Connection rate: proportion of recruited participants electing to enroll
relative to those who are eligible
Proportion of participants who complete the intervention relative to
those who enroll in the intervention
Mean, SD, and range of the number of modules completed
Active engagement (depending on the nature of the intervention; this
may be module completions, exercise completions, proportion of
videos watched, and response to emails)
Log-ins (frequency and duration)
Time spent logged into the website or app
Use of recommended resources (eg, downloads of additional resources
and clicks to suggested websites)

•

Follow-up reports (eg, questionnaires about the use and application

•
•

of learned strategies or skills taught from the DMHIb)
Postintervention interviews about using skills in everyday life
Sustained behavior change

CAPE: Connect, Attend, Participate, and Enact.

b

DMHI: digital mental health intervention.

Discussion
Principal Findings
In this systematic review, we categorized the selected studies
according to study type and assessed their individual and pooled
characteristics. We applied the CAPE framework [25] to all
studies so that we could collectively assess and compare
connection, attendance, participation, and enactment. Reporting
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of connection and attendance measures was fairly standardized
across studies and frequently reported using a CONSORT
diagram; therefore, the number of people who were eligible and
expressed interest in participating, proportion of participants
recruited and entered in the study, and proportion of participants
who were randomized and followed up, including treatment not
started and attrition rates, was clear. Approximately 75% (12/16)
of studies, provided a CONSORT participant flow diagram
(indicating aspects of attendance); however, the reporting
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categories and terminology varied between diagrams. In general,
the least frequently reported domain was enactment (ie,
real-world use of intervention skills), with only 38% (6/16) of
studies clearly recording and reporting results such as
satisfaction, usefulness, helpfulness, and perceived benefits of
the skills learned in the intervention.
Some studies reported strategies to increase connection. For
example, Ashford et al [13] included specific details on
recruitment methods, such as social media platforms, parenthood
websites, and the use of posters and flyers in clinical settings.
However, other studies reported minimal details of recruitment
methods (eg, Guo et al [53]). No study reported information on
the background target population size; that is, the total potential
pool of eligible participants. This might be a useful future metric
to determine and report as an indicator of the total target
population reach and the effective strategies that engage them.
As previously defined, attendance is a measure of DMHI
completion through modules or similar exercises. As this was
not definitively reported, for attendance, we calculated a proxy
for intervention attendance as study attendance, operationally
defined as intervention retention and continuous presence, both
in the intervention and control arms (RCTs). Guo et al [53] had
the highest participant retention and the lowest lost to follow-up
participant rate in both the intervention and control groups; the
intervention group showed significant improvement in
depressive and anxiety behaviors. The women in this study were
at a higher risk of presenting with psychological distress at
baseline; although they fit our inclusion criteria, they may have
had increased motivation to attend. Duffecy et al [39] undertook
a user-centered design process before the pilot trial to engage
women from the target population in the intervention-building
process and consult on aspects such as topics, sites, and usability
of potential applications. In theory, this should support
attendance by reducing attrition and improving retention;
however, dropout from baseline assessments to 6 weeks post
partum was high (63%) [39]. We recommend that future studies
report both intervention attendance and study attendance as they
are distinct metrics.
A key concern in web-based interventions is the lack of
participation [18]. Logs of access and use of web-based
interventions can give researchers insight into people’s behavior.
As Piotrowska et al [25] suggest, “The CAPE model proposes
that despite the immense importance of connecting with parents
and encouraging their attendance, it is active participation that
has the greatest impact on parenting.” Digital interventions
provide tools for learning more about participant engagement
and how this relates to retention and intervention outcomes, as
well as how they might be improved through the use of different
ongoing engagement strategies. Crouper et al [18] quantified
participant engagement using data such as dosage, exposure, or
adherence. In this systematic review, few studies reported clear
metrics for participation, with the exceptions of Duffecy et al
[39] and Barrera et al [36]. Other suggested metrics for future
research include downloading suggested resources or websites,
watching suggested videos, completing quizzes and homework,
or other metrics that indicate that the participant is continuously
engaging with the intervention. Additional features that have
potential but continue to be underexplored and underused
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include chatbots, games, storytelling, rewards, avatars, and
personalization [42]. These features could be developed to
improve participation in interventions, general app use, and
studies.
Enactment is difficult to define but should be represented by
measures indicating that participants put what they learned from
the program into practice [24]. The limited follow-up of these
studies restricted our ability to report these criteria. Only one
study, Guo et al [53], followed up for any length of time, and
only 31% (5/16) of studies conducted exit or follow-up
interviews [13,33,35-37]. These interviews contributed more
robust information on the user experience. Studies assessing
skill development and use underscore the potential pathways
in self-guided internet therapy, such as cognitive behavioral
therapy, as mechanisms of positive clinical change [43,44].
Although these studies target clinical groups, they contribute
to reinforcing the need to capture behavioral skill adaptations
beyond the duration of the intervention.
Understanding the barriers to and enablers of real-world utility
and practice is crucial if app developers want pragmatic uptake
and efficacy of interventions. Sufficient resourcing may be a
factor in longitudinal follow-up; however, to leverage the impact
and cost-effectiveness of interventions, studies should factor
longer-term assessments in the design process from
conceptualization. Nevertheless, easier and low-cost measures
of enactment are possible and suggested for future research,
including questionnaires on the frequency of using skills taught
during the intervention.

Interpreting Results Using a Logic Model
As part of this review, we developed a logic model to facilitate
the process of gathering and integrating studies of complex
interventions to better inform our interpretations of cumulative
results. The logic model included synthesized data capture and
engagement methods used in each study. Theoretically, logic
models need moderating or mediating factors to understand
how the pathway develops. In these studies, there was a common
strength-based approach, such as skill development, confidence,
satisfaction, and self-efficacy. Overall, the heterogeneous nature
of the data collection meant that we were unable to undertake
a meta-analysis; however, the range of methods and types of
data collection is useful in guiding future web-based
interventions targeting this population group and helping
decision-makers understand the rationale for how interventions
are expected to work and what enablers keep participants
engaged to ultimately achieve the intended outcomes.
There is a need for a greater understanding of the
individual-level, real-world factors affecting engagement in
home and minimal contact practice interventions to ascertain
how participants experience interventions and how this relates
to their outcomes [19]. Exit and follow-up interviews can
provide a deeper understanding of participants’ experiences to
strengthen real-life sustained engagement in that modality.
Experience of an intervention needs to be user-friendly,
accessible, and positive, which should be considered in
promoting material that is most effective and helpful for users
to engage from the outset.
J Med Internet Res 2022 | vol. 24 | iss. 8 | e36620 | p.151
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Limitations of This Systematic Review
As the studies in this review were diverse in terms of study
design, therapeutic intervention approach and delivery, length
of follow-up, and outcome measures, we summarized the
engagement data using the CAPE framework but were unable
to perform a meta-analysis of the data. Attrition rates were high
in many studies, and the number of participants was small,
particularly in some pilot studies. We were unable to report this
in terms of increasing our understanding of sustained practice
as there was limited follow-up in most studies. There are
inconsistent reports and terminology regarding engagement
behavior. Inconsistencies in language between studies and
interchangeability of terms, for example, attrition, withdrawal,
dropout, and loss to follow-up, make direct comparison and
systematic analysis challenging. Another potential limitation
of this review is the lack of inclusion of studies in languages
other than English. In addition, the protracted nature of
systematic reviews means that the original search was concluded
in 2020 and was affected by delays because of the COVID-19
pandemic. Since then, additional studies may have been
published and not included in this review but would not
necessarily affect our general conclusions or implications for
using the logic model or reporting matrix.

Strengths and Future Work
The ability to leverage several frameworks enhanced this
systematic review. The SWiM guidelines, part of the Cochrane
methods, directed our synthesis and reporting. In addition, the
CAPE framework provided an evidence-based approach to
reporting on intervention engagement; using this framework,
we were able to propose clear metrics for future reporting. It is
recommended that future research provide engagement analytics
to more clearly delineate between study and intervention
compliance, particularly longer-term enactment or sustained
practice to reflect pragmatic efficacy. The research team has a
strong focus on research translation; therefore, the incorporation
of a logic model provides a clear pathway for decision-makers,
such as policy makers and commissioners, to interpret and guide
the key constructs and evaluation metrics in future digital
interventions in this field of research.
There is substantial evidence that psychological programs
delivered on the web can be effective in treating and preventing
mental health problems; however, the uptake of these programs
can be suboptimal, and there remains a lack of evidence on how
to increase engagement with evidence-based programs [45].
Poor adherence is a common feature of web-based mental health
programs, which affects intervention outcomes [45] and limits
real-world efficacy. Eisenstadt et al [42] discussed in their recent
systematic review that adherence and retention continue to be
challenges to the quality of research, with little or no information
about reasons for dropouts given across studies. Further research
is needed to unpack the key constructs of experience, including
microlevel reporting and qualitative, phenomenological
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investigation via one-to-one postprogram interviews. Future
reporting of DMHI using the CAPE framework could be used
to ascertain the cost-benefit of an intervention; that is, if the
conversion, recruitment, retention, and participation rates are
high, the intervention is likely to be more cost-effective.
However, this must be considered alongside the efficacy of the
intervention and real-world application. The motivation for
engaging in research studies is very different from real-world
engagement experiences.
Advances in technology, particularly the internet, have proven
to be an effective tool for building individual skills as it is
inexpensive and accessible, both geographically and temporally.
Despite promising results, internet interventions are still not
widely disseminated or well-integrated into health services;
successfully doing so will, in part, depend on engagement. As
mental health apps have proliferated, choosing among them has
become increasingly challenging for not only patients but also
clinicians [46]. To address this, we need to understand the
barriers and enablers for the delivery and sustainability of
internet interventions in practice [17], as well as how we can
engage not only participants but also health practitioners to
support and disseminate effective interventions. This increased
understanding will enable appropriate investment, optimization,
and uptake of targeted well-being programs, such as those
developed for perinatal women, with the ultimate aim of
preventing poor mental health among women and their children.

Conclusions
To invest in accessible, long-term, sustainable health solutions,
researchers, policy makers, and clinicians must identify optimal
interventions that can be targeted to help specific risk groups
or in specific contexts. Advances in technology, particularly
the internet, have proven to be an effective tool for building
individual skills as it is inexpensive and widely accessible.
Pregnancy and the postnatal period can be times of increased
psychological distress; therefore, it is an optimal time to
intervene with strength-based tools to build affirmative
self-efficacy. Although several studies in this field demonstrate
efficacy, few robustly explore the construct of engagement, and
in particular, there is limited evidence of the long-term
enactment of the strategies learned. Our results indicate a
disparity in the reporting of short- and long-term participant
engagement behaviors, and we recommend the adoption of
standardized metrics for reporting DMHI engagement in both
research and real-world settings. This systematic review
provides a framework for understanding the pathways for
enhancing the mental well-being of mothers and their infants.
With the world experiencing an endemic escalation in poor
mental health across the life course, both in low- and
high-income countries [55], it is imperative that we create
practical, evidence-based, cost-effective, and scalable solutions
to protect current and future generations.
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Abstract
Background: Cancer screening provision in resource-constrained settings tends to be opportunistic, and uptake tends to be low,
leading to delayed presentation and treatment and poor survival.
Objective: The aim of this study was to identify, review, map, and summarize findings from different types of literature reviews
on the use of mobile health (mHealth) technologies to improve the uptake of cancer screening.
Methods: The review methodology was guided by the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews). Ovid MEDLINE, PyscINFO, and Embase were searched from inception to May
2021. The eligible criteria included reviews that focused on studies of interventions that used mobile phone devices to promote
and deliver cancer screening and described the effectiveness or implementation of mHealth intervention outcomes. Key data
fields such as study aims, types of cancer, mHealth formats, and outcomes were extracted, and the data were analyzed to address
the objective of the review.
Results: Our initial search identified 1981 titles, of which 12 (0.61%) reviews met the inclusion criteria (systematic reviews:
n=6, 50%; scoping reviews: n=4, 33%; rapid reviews: n=1, 8%; narrative reviews: n=1, 8%). Most (57/67, 85%) of the interventions
targeted breast and cervical cancer awareness and screening uptake. The most commonly used mHealth technologies for increasing
cancer screening uptake were SMS text messages and telephone calls. Overall, mHealth interventions increased knowledge about
screening and had high acceptance among participants. The likelihood of achieving improved uptake-related outcomes increased
when interventions used >1 mode of communication (telephone reminders, physical invitation letters, and educational pamphlets)
together with mHealth.
Conclusions: mHealth interventions increase cancer screening uptake, although multiple modes used in combination seem to
be more effective.
(J Med Internet Res 2022;24(8):e36316) doi:10.2196/36316
KEYWORDS
mobile health; mHealth; cancer screening; scoping review of reviews; cancer; cancer detection; oncology; digital health; scoping
review; review; mobile phone
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Introduction

different types of reviews. However, it is unknown whether
similar findings are observed across the reviews.

Background

Objectives

Globally, cancer is the second leading cause of death; it
accounted for approximately 9.6 million deaths in 2018 [1].
Cancer incidence and mortality are predicted to increase to 30.2
million cases and 16.3 million deaths by 2040, respectively,
because of aging populations and the adoption of unhealthy
lifestyles [2]. Delay between symptom onset and treatment leads
to poorer cancer survival [3]. Screening increases the chance
of early detection and treatment and, ultimately, survival. In
many high-income countries, population-based cancer screening
is available for four common cancers and has contributed to
reduced breast cancer [4], cervical cancer [5], prostate cancer
[6], and colorectal cancer [7] mortality. However, cancer
screening in the majority of low- and middle-income countries
(LMICs) is opportunistic, and uptake is low compared with
cancer screening in high-income countries, leading to delayed
presentation, treatment, and survival [8]; for example, the uptake
of mammogram screening was 12% to 31% in Brazil [9] and
7% to 25% in Malaysia [10] compared with 66% in Germany
[11] and 75% in Spain [12]. Low uptake of cancer screening
might indicate poor awareness and knowledge of cancer and
cancer screening among the public; for example, Asian Pacific
populations with the lowest uptake of colorectal cancer
screening, such as India, Malaysia, Indonesia, Pakistan, and
Brunei, had correspondingly low levels of awareness and
knowledge of colorectal cancer symptoms, risk factors, and
screening tests [13]. Poor knowledge about, and negative
perceptions toward, mammogram screening are major barriers
to mammogram screening uptake in Malaysia [10].

This scoping review aimed to map and summarize findings from
systematic, scoping, narrative, and rapid reviews on the use of
mHealth in cancer screening, as well as other screening-related
outcomes such as attitudes toward screening and knowledge
and awareness of screening. We also included implementation
considerations for successful mHealth interventions in
improving cancer screening uptake and screening-related
outcomes.

Digital health care, that is, the use of digital technologies for
health, is now commonly used in public health care as well as
primary health care [14]. According to the World Health
Organization Global Observatory for eHealth, mobile health
(mHealth) is defined as “medical and public health practice
supported by the use of mobile devices” such as mobile phones,
smartphones, and tablet computers [15]. Worldwide, there are
approximately 5.3 billion unique mobile phone users,
representing 67.1% of the total population, and smartphones
account for approximately 75% of the mobile phones in use
[16]. The high penetration rate of mobile phones allows timely
data collection as well as transmission and analysis of the data.
Thus, mHealth holds great potential for improving health
outcomes because of its mobility, instantaneous access, and
ease of use. Some of the common mHealth apps offer patient
education and behavior change communication, data collection
and reporting, population health registries and vital event
tracking, and electronic health records, as well as provider
training and education [17]. mHealth interventions have a
positive impact on clinical outcomes, adherence to treatment
and care, health behavior changes, disease management, and
primary care attendance rates with regard to various diseases
[18]. mHealth has also been used in cancer self-care and
self-management among cancer survivors to improve sleep and
quality of life; reduce fatigue, stress, and pain; and promote
health behaviors such as weight loss [19-22]. The role of
mHealth in promoting cancer screening has been explored in
https://www.jmir.org/2022/8/e36316
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Methods
Overview
This scoping review of reviews was conducted based on the
framework of Arksey and O’Malley [23] and using the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews)
guidelines [24]. The protocol of this review has not been
preregistered. As the use of mHealth in relation to cancer
screening is a relatively nascent field of study, a scoping review
is useful in mapping the published literature comprehensively
and systematically. The review was guided by the following
5-step framework: (1) identifying the research question; (2)
identifying relevant studies; (3) study selection; (4) charting the
data; and (5) collating, summarizing, and reporting the results.

Search Strategy
We first searched Ovid MEDLINE, PyscINFO, and Embase for
relevant literature on February 1, 2021, using two categories of
key terms: mHealth and early detection of cancer. We then
refined the search on May 17, 2021. The key terms were based
on Medical Subject Headings indexing as well as free-text terms.
We combined key terms from the same category with OR and
between categories with AND. The search strategy was
developed in Ovid MEDLINE (Multimedia Appendix 1) and
adapted for the other databases. We also hand searched the
reference lists of selected reviews for relevant reviews. All
searches were exported into EndNote (Clarivate), and duplicates
were removed.

Inclusion Criteria
Papers were included if they satisfied all of the following
criteria: (1) a review of any type, (2) the reviewed interventions
related to cancer screening (for any cancer type) that were
conducted on mobile devices such as mobile phones and tablet
computers, (3) described the effectiveness and implementation
of mHealth interventions on outcomes related to cancer
screening, (4) included adults aged ≥18 years from the general
population, and (5) published in English in peer-reviewed
journals from inception up to May 2021. We excluded reviews
that did not specify the use of mobile technologies but instead
reported modes of delivery such as web-based and
computer-delivered programs and videos.
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Selection of Reviews
We selected the relevant reviews using a 3-stage process: (1)
MMT and WMKH conducted the initial screening of titles and
abstracts to determine eligibility for inclusion; (2) WMKH
retrieved full texts, which were screened by DS, MMT, and

Schliemann et al
WMKH independently for inclusion, with discrepancies resolved
through discussion with DS, MMT, and WMKH; and (3) MMT
and WMKH extracted relevant data. The screening process is
provided in the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) flowchart (Figure 1).

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

Data Extraction and Charting
The following data were extracted by MMT and WMKH from
each selected review into an Excel (Microsoft Corporation)
spreadsheet:
•

•
•
•
•
•
•

Review identifiers (author, year, country, type of review,
number of studies, time range, intervention duration, and
follow-up duration)
Study aim
Types of cancer mentioned in the relevant studies in the
review
Types of mHealth mentioned in the relevant studies in the
review
Details of intervention procedures
Outcome measures (awareness, knowledge, or attitude;
screening uptake; and implementation-related outcomes)
Key stakeholders in delivering the mHealth intervention,
if any

If the aforementioned data were not reported in the selected
reviews, we referred to the individual studies included in the
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selected reviews. For reviews that included studies that focused
on mHealth and studies that did not, we only extracted
information specifically reported on the studies that included
mHealth. Information related to the quality of the reviews was
not assessed.

Results
Literature Search
Our initial search identified 2083 citations, resulting in 1981
(95.1%) unique citations after removal of duplicates (Figure 1).
The titles and abstracts were assessed based on the inclusion
criteria, and of the 1981 unique citations, 24 (1.21%) were
included for full-text screening. Of these 24 reviews, 12 (50%)
were excluded after the full-text screen: 5 (42%) did not include
cancer screening-related outcomes, 6 (50%) did not include
mHealth components, and 1 (8%) included children as their
target population. Hence, of the 24 reviews included for full-text
screening, 12 (50%) were included in this scoping review. Table
1 summarizes the characteristics of the included reviews.
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Table 1. Characteristics of included reviews.
Study

Bhochhibhoya et al
[25], 2020

Type of
review

Scoping
review

Aim

To identify studies
that examined
mHealth programs
that focused on increasing cervical
cancer screening
among women to
determine if these
interventions improved adherence to
screening and what
factors (barriers and
facilitators) were
most influential
among participants

Time frame
of search
strategy

Total number of
studies; number of

January 1,
2009, to
September,
28, 2019

12; cervical cancer
(n=12, 3 of which
were qualitative
studies)

relevant studiesa by
cancer type

Type of mHealthb in relevant Key stakeholders delivering
mHealth interventions
studiesa

•
•

•
•

•
•

•

9; breast (n=5), cervi- •
cal (n=1), and colorectal (n=3) cancers •

Uy et al
[26], 2017

Systemat- To assess the effect January
ic review of SMS text messag- 2000 to Janing interventions on uary 2017
increasing patient
adherence to screening for breast, cervical, colorectal, and
lung cancers

Zhang et al
[27], 2020

Systemat- To qualitatively syn- Up to Octo- 8 (1 cross-sectional •
ic review thesize published ar- ber 10, 2019 study); cervical canticles reporting the
cer (n=7)
impact of mHealth
on cervical cancer
•
screening–related
health behaviors
•

•

•
•
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Telephone appointment
(n=1)
Telephone reminder with
tailored counseling versus telephone reminder
with print materials
(n=1)
SMS text message reminders (n=3)
15 behavior change
messages with transportation e-voucher versus
SMS text messages of
location and hours of the
closest screening clinic
(n=1)
Automated SMS text
messages or telephone
call reminders (n=1)
Automated SMS text
messages versus telephone call reminders+manual telephone call+face-to-face
interview (n=1)
3 sequential SMS text
message reminders, followed by 3 telephone
call attempts (n=1)

•

SMS text message reminder (n=5)
SMS text message reminder plus letter (n=4)

•

•
•
•

Invitation letter with
•
pamphlet, followed by
telephone reminder
(n=1)
•
Educational SMS text
messages (n=2)
Educational SMS text
message versus SMS
text message reminder
(n=1)
Educational SMS text
messages with transportation e-voucher versus
SMS text messages of
location and hours of the
closest screening clinic
(n=1)
Motivational interview
over the telephone (n=1)
Training through SMS
text message, electronic
posters, infographics,
podcasts, and video tutorial (n=1)

Telephone appointment
by midwife (n=1)
Telephone counseling
and reminders by research staff (n=1)
Invitation telephone call
by clinical secretaries
(n=1)
Telephone caller unspecified (n=1)

None

Motivational interview
through telephone call
by nurses (n=1)
Telephone caller unspecified (n=1)
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Halake and
Ogoncho
[28], 2017

Type of
review

Scoping
review

Aim

Time frame
of search
strategy

Schliemann et al
Total number of
studies; number of
relevant studiesa by
cancer type

To establish the ex- 1990 to 2014 15; breast cancer
tent and nature of
(n=2)
the published and
gray literature on the
use of mHealthbased technologies
for cancer prevention, detection, and
management in

Type of mHealthb in relevant Key stakeholders delivering
mHealth interventions
studiesa

•
•

SMS text message invita- •
tion and cancer screening information (n=1)
Smartphone app to facilitate BSEd (n=1)

Not described

Not described

LMICsc
Choi et al
[29], 2018

Systemat- To investigate recent
ic review research trends related to the use of mobile technology in
the prevention and
management of skin
cancer, focusing on
how such technology is evaluated and
what impact it has in
each phase across
the cancer continuum

Houghton et Systemat- To determine how
al [30], 2019 ic review mobile apps are being used for breast
cancer prevention
among women
across the cancer
control continuum

January 1,
18; skin cancer
2007, to De- (n=1)
cember 31,
2017

•

Educational SMS text
•
message about skin selfexamination (n=1)

Up to Febru- 69; breast cancer
ary 7, 2019 (n=4)

•

Mammopad, a decision
aid mobile app on iPad
Mini (n=1)
Mobile app to assist
navigator (n=1)
mMammogram mobile
app for SMS text message (n=1)
Mobile app for BSE
(n=1)

•

Mobile apps paired with
community health navigators (n=2)

Facebook (n=3)
Snapchat (n=1)

•

Not described

•
•
•

Plackett et al Scoping
[31], 2020
review

To map the evidence 2004 to June 23; breast (n=4) and •
for social media in- 2019
cervical (n=1) can- •
terventions to imcers
prove cancer screening and early diagnosis, including behavior change, and how
the interventions facilitate behavior
change

Musa et al
[32], 2017

To review the eviUp to Audence of the effecgust 2016
tiveness of provider
recommendations
for cervical cancer
screening on screening rates in women
at risk for cervical
cancer

Systematic review
and metaanalysis

28; cervical cancer
(n=5)

•
•
•

•
•
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Telephone counseling
•
(n=1)
SMS text message or
•
telephone reminder
(n=1)
•
Email, telephone, or
multimodal (letter+email+telephone)
screening reminder and
invitation and education
flyer (n=1)
Telephone reminder
(n=1)
Invitation letter and information pamphlet, followed by telephone reminder with counseling
(n=1)

Telephone caller unspecified (n=3)
Telephone counseling by
health educator (n=1)
Telemarketing company
(n=1)
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Study

Duffy et al
[33], 2017

Type of
review

Rapid review

Aim

Time frame
of search
strategy

To review the curTime frame
rent evidence on ef- not specified
fects of interventions
to improve cancer
screening participation, focusing in particular on effects in
underserved populations

Schliemann et al
Total number of
studies; number of
relevant studiesa by
cancer type
68; breast (n=9),
cervical (n=5), colorectal (n=2), and
stomach (n=1) cancers

Type of mHealthb in relevant Key stakeholders delivering
mHealth interventions
studiesa

•

•
•

•
•
•
•

Automated telephone
and SMS text message
reminders or telephone
outreach (n=1)
Telephone reminder or
motivational telephone
call (n=1)
Telephone call to confirm receipt of invitation
letter, followed by telephone reminder (n=1)
Telephone reminders
(n=8)
SMS text message reminder (n=3)
Tailored telephone
counseling (n=2)
Telephone appointment
(n=1)

•
•

•
•
•
•
•
•
•
•
•
•

Lott et al
[34], 2020

Scoping
review

To map the literature Up to 2019
on interventions to
increase uptake of
cervical screening in
sub-Saharan Africa
and identify opportunities for future intervention development
and research

19; cervical cancer
(n=3)

•
•
•

SMS text message re•
minders (n=1)
Telephone follow-up and
counseling (n=1)
Email (n=1)

Colorectal cancer
screening navigator
(n=1)
Bilingual advocate at a
community organization
with experience in telephone outreach (n=1)
Local women recruited
by Community Links, a
community charity (n=1)
Female scheduler and
female counselors (n=1)
Female research assistants (n=1)
Telephone counselors
(n=2)
Trained GPe receptionist
(n=1)
Volunteers (n=1)
Researcher (n=1)
Research nurse (n=1)
Telemarketing company
(n=1)
Telephone caller unspecified (n=2)
Telephone counselors
(n=1)

Déglise et al
[35], 2012

Narrative
review

To describe the
Up to May
characteristics and
2011
outcomes of SMS
text messaging interventions for disease
prevention in LMICs
and provide recommendations for future work

17; breast cancer
(n=1)

•

SMS text message reminder

•

Not described

Peiris et al
[36], 2014

Systemat- To critically apUp to May
ic review praise the role of
2014
mHealth in improving health care quali-

48; breast cancer
(n=1)

•

SMS text message reminder

•

Not described

ty for NCDsf in
LMICs
a

Relevant studies are studies that met the inclusion criteria for this review; for example, some reviews included diseases other than cancer. We only
reported results from the studies evaluating cancer-related interventions.
b

mHealth: mobile health.

c

LMICs: low- and middle-income countries.

d

BSE: breast self-examination.

e

GP: general practitioner.

f

NCD: noncommunicable disease.
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Characteristics of Reviews
The included reviews (n=12) were published between 2012 and
2020 (Table 1). Of the 12 reviews, 6 (50%) were systematic
reviews [26,27,29,30,32,36], of which 1 (17%) also included a
meta-analysis [32]; 4 (33%) were scoping reviews [25,28,31,34];
1 (8%) was a rapid review [33]; and 1 (8%) was a narrative
review [35]. The 12 reviews reported different outcomes of the
studies that were relevant to this review of reviews (Table 2):
5 (42%) reported solely the effectiveness of mHealth
interventions on cancer screening [26,29,32-34]; 4 (33%)
reported outcomes in relation to cancer screening, change in
cancer knowledge, and attitudes to screening [25,27,30,31]; 2
(17%) reported outcomes in relation to breast self-examination
(BSE) practice [35,36]; and 1 reported outcomes in relation to
BSE and cancer screening [28]. Most (7/12, 58%) of the reviews
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included studies that were conducted mainly in high-income
Western countries [25,26,29-33], whereas 42% (5/12) focused
on LMICs [27,28,34-36], of which 20% (1/5) focused solely
on sub-Saharan Africa [34]. In total, 33% (4/12) of the reviews
focused on cervical cancer [25,27,32,34]; 8% (1/12) focused
on skin cancer [29]; 8% (1/12) focused on breast cancer [30];
8% (1/12) examined breast, cervical, lung, and colorectal cancers
[26]; 25% (3/12) included any type of cancer [28,31,33]; and 2
reviews focused on disease prevention in general [35,36]. In
terms of interventions, 42% (5/12) of the reviews included
interventions of various types of mHealth technologies
[25,27-29,36], 2 (33%) focused solely on SMS text messages
[26,35], 1 (17%) focused on social media interventions [31], 1
(17%) was specifically about mobile apps [30], and 25% (3/12)
included any type of communication (mHealth, face-to-face,
and other media) [32-34].
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Table 2. Summary of screening-related outcomes extracted from each review.
Study

Bhochhibhoya et al
[25], 2020

Outcomes
Screening outcomes

Screening awareness-, knowledge-,
and attitude-related outcomes

•

•
•
•

•
•

Screening uptake: n=5/6a (9.1%-17.9%
increase between intervention group
versus control group; 9.3% increase after
the intervention compared with before)b
Screening follow-up adherence: n=0/1
Effective methods: stepwise approach
(automated telephone calls and SMS text
messages, followed by manual telephone
call and face-to-face interview), SMS
text messages only, telephone call only,
telephone appointment by midwives,
telephone reminders combined with
other methods such as tailored counseling, and SMS text message with transportation e-voucher

•
•
•
•

Implementation-related outcomes and
measures

Knowledge improvement: n=2/2 •
Attitude about screening: n=1/2
Perceived behavior control:
n=0/1
•
Perceived barriers about screening: n=0/1
Belief about screening: n=1/1
Screening intention: n=0/2
Effective methods: health-specif- •
ic and spiritually based SMS text
messages and personally tailored
texts with statistical facts
•
•

Uy et al [26], 2017

•
•

Zhang et al [27],
2020

•
•
•

Halake and Ogoncho •
[28], 2017
•
•
Choi et al [29], 2018 •
•

Screening uptake: n=5/9 (1.2%-9.9%
absolute increase)
Effective methods: SMS text message
reminder+letter and single SMS text
message reminder

Screening uptake: n=3/5 (12.9%-50.9% •
increase)
•
Screening follow-up: n=1/1 (91.8%93.5%; ORd 1.37-1.40)
•
Effective methods: SMS text message
with transportation e-voucher, invitation •
letter with telephone reminder, re•
minders sent through letter, registered
letter, SMS text message or telephone
call, and telephone reminders or educational telephone call

Screening uptake: n=1/1 (30.7% and
31.6% increase)

RenderX

—

Knowledge improvement: n=1/2 •
Perceived benefits of Pape test:
n=1/1
Reduced barriers to undergoing •
Pap smear: n=1/1
Attitude about screening: n=0/1
Effective methods: a combina- •
tion of SMS text message, electronic posters, infographics,
podcasts, and video tutorials
•

—

—

Screening uptake: n=1/1 (27% absolute —
increase in skin self-examination)
Effective method: educational SMS text
messages with reminders

—

Interest in receiving screening test
results through SMS text message:
n=0/1
Interest in receiving screening test
results using nonprivate telephone:
n=1/1 (OR 0.31, 95% CI 0.18-0.51)
Interest in receiving appointment
reminders through SMS text message: n=1/1 (OR 14.19, 95% CI
1.72-117.13)
Interest in receiving appointment
reminders using nonprivate telephone: n=0/1

BSEf practice: n=1/1
Effective method: BSE smartphone app

https://www.jmir.org/2022/8/e36316
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—c

Advantages: convenient, time effective, ease of use, and able to receive
notification
Concerns: confidentiality of SMS
text messages, loss of the mobile
phones, clarity of the language
used, and receiving negative results
through SMS text message
Barriers: inconvenient for older
participants, lack of texting proficiency, difficulty in texting, and
apprehension that SMS text messages might not be clearly understood
Enabling factors: contact preferences, cell phone ownership, and
portability of same number
Enhancing factors: message content
(reminder and informative) and
short and simple messaging formats
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Study

Outcomes
Screening outcomes

Houghton et al [30], •
2019
•

Plackett et al [31],
2020

•
•

Musa et al [32],
2017

•
•
•

Duffy et al [33],
2017

•
•

Lott et al [34], 2020 •

•

Déglise et al [35],
2012

•
•

Screening uptake: n=3/3
Effective methods: community health
workers (trained or untrained in patient
navigation) equipped with smartphone
app plus standard risk counselling and
mMammogram (SMS text messages
plus health navigator)

RenderX

Screening awareness-, knowledge-,
and attitude-related outcomes
•
•
•
•
•
•

Screening uptake: n=1/1 (12.9% in•
crease)
•
Effective method: breast cancer screening service Facebook page
•

Implementation-related outcomes and
measures

Knowledge improvement: n=2/2 •
(33% increase)
Reduced decisional conflict:
•
n=1/1
Self-efficacy: n=1/1
Screening intention: n=0/1
Screening readiness: n=1/1
Effective methods: smartphone
app plus standard risk counseling, mMammogram (SMS text
messages plus health navigator),
and smartphone app decision aid
(Mammopad)

Intervention satisfaction (mMammogram): n=1/1
Effectiveness satisfaction (mMammogram): n=1/1

Knowledge improvement: n=2/2 •
Screening intention: n=1/1 (82%
increase)
Effective methods: Facebook or
face-to-face discussions for 2
weeks after 50-minute classroom
cervical cancer prevention education lecture (female high
school students), receiving
breast cancer awareness information through Snapchat, and tailored SMS text message mammography campaign on Facebook during Breast Cancer
Awareness Month

Using Facebook is acceptable for
delivering breast cancer screening
information: n=1/1

Screening uptake: n=5/6 (7.8%-31.1% —
absolute increase)
Reduced screening median time: n=1/1
Effective methods: direct invitation
mail+brochure+telephone counseling
by health educators; telephone reminder
with educational information and multimodal intervention; invitation letter and
information pamphlet, followed by
telephone reminder with counseling;
telephone reminder with educational information; and multimodal intervention

—

Screening uptake: n=13/16 (5%-45%
absolute increase)
n=3/3, SMS text reminder studies;
n=11/13, telephone reminder studies

—

—

Screening uptake: n=2/3 (8.6% differ- —
ence in screening uptake between control and intervention groups; 51% increase after the intervention)
Effective methods: SMS text message
about cervical cancer and context-specific barriers to screening (and SMS text
message plus e-voucher for transportation) and enhanced patient-centered
counseling with patient follow-up by
telephone (with or without escort to
cervical cancer screening)

—

BSE practice: n=1/1
Effective method: SMS text message
reminder to conduct BSE

—
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Study

Peiris et al [36],
2014

a

Schliemann et al

Outcomes
Screening outcomes

Screening awareness-, knowledge-,
and attitude-related outcomes

Implementation-related outcomes and
measures

•
•

—

—

BSE practice: n=1/1
Effective method: SMS text message
reminder to conduct BSE

Number of studies that reported a positive outcome out of the total number of studies that included the particular outcome.

b

Percentage of change or odds ratios are included if available.

c

Not available (ie, not reported).

d

OR: odds ratio.

e

Pap: Papanicolaou.

f

BSE: breast self-examination.

Types of mHealth Interventions
SMS text messages were the most commonly used mHealth
technology and were used in 46% (31/67) of the interventions.
They were mainly delivered as reminders of cancer screening
appointments, alone or in combination with telephone reminders,
physical invitation letters, and educational pamphlets.
Educational SMS text messages, sent as a one-off or in a series
over days or weeks, were also widely used. Their contents
included information about cancer risk factors, benefits of
screening, location and operating hours of screening clinics,
spiritually based health messages, and facts about cancer (eg,
incidence, mortality, and screening rates). Educational SMS
text messages were used alone or in combination with an
e-voucher (to subsidize the cost of transportation to and from
the screening facility) [37].
Text messages were most commonly sent as SMS text messages.
In later studies, they were also sent through IP-based messaging
services such as Telegram and Snapchat and mobile apps
specifically designed for the interventions. In almost all (10/12,
83%) reviews, the delivery of SMS text messages was one-way,
8% (1/12) of the reviews reported an intervention that included
a specifically designed mobile app (mMammogram) that
featured personally tailored messages [38], and 8% (1/12) used
social media for communication [31].
Telephone calls were used in 40% (27/67) of the interventions
mostly as cancer screening invitations and reminders and to
arrange screening appointments. Telephone reminders,
automated or live, were used alone or with SMS text message
reminders, screening invitation letters, and pamphlets.
Participants were contacted through telephone to confirm the
receipt of a screening invitation letter. Motivational interviews
were conducted over the telephone to increase participants’
readiness to attend screening [27]. Knowledge about cancer was
provided and barriers to screening addressed through telephone
counseling [25,33,34].
A few breast cancer mobile apps were specifically designed for
interventions. Mammopad, for example, is a decision aid, a tool
that helps women to decide to participate in mammogram
screening, that ran on the iPad Mini [30]. Another app was
designed to assist community health workers (CHWs) in
interviewing participants, reporting data, showing a motivational
video, and offering a mammogram appointment for women
https://www.jmir.org/2022/8/e36316
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with an abnormal clinical breast examination (CBE). A
BSE-facilitating smartphone app included BSE date reminders
and a reminder to encourage mother and daughter to practice
BSE together [39].
Other mHealth platforms that were less frequently used were
emails and social media. Emails were used to deliver screening
invitations, reminders, web-based educational flyers, and cancerand health-related information. Social media platforms such as
Facebook and Snapchat were used as intervention modes to
provide information about breast and cervical cancers and
screening, promote mammogram screening, and schedule breast
screening appointments, as well as a platform for discussions
about cervical cancer after a lecture [31].
Almost all (11/12, 92%) reviews described mHealth
interventions that included 1 or 2 mHealth technologies. There
was only 1 intervention that used a combination of >2 types of
mHealth technologies: a training in cervical cancer through
SMS text message, electronic posters, infographics, podcasts,
and video tutorials [40].

Key Stakeholders in mHealth Interventions
Of the 12 reviews, 5 (42%) included telephone call interventions
that were delivered by a broad range of personnel [25,27,32-34].
Telephone reminders or telephone calls to make or confirm
screening appointments were delivered by bilingual advocates
from a community organization, local women recruited from a
community charity, research assistants, general practitioner
receptionist, volunteers, research nurses, midwives at antenatal
health clinics, clinical secretaries, and telemarketers.
Among the important personnel in mHealth interventions were
telephone counselors who called the participants to inquire about
their screening intention and ascertain whether they had received
the invitation letters, provided information about screening,
addressed current or potential barriers to screening uptake
through motivational interviews and applied a counseling
approach to increase motivation for behavior change, or assisted
with appointment scheduling. Telephone counseling was
delivered by nurses or hospital-based health counselors.
Health navigator services were mentioned in 8% (1/12) of the
reviews [30]. Health navigators used mobile apps to facilitate
interviews, report data, show motivational videos, and offer
screening appointments. Health navigators or CHWs guided
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participants in navigating cancer screening information, provided
transportation and interpretation services, addressed technical
problems related to mobile app use, and reminded participants
to complete cancer screening.

Cancer Screening Uptake
All (12/12, 100%) reviews included in this review reported
mainly improved cancer screening uptake or self-examination
practice (for breast or skin cancer; Table 2). The increase in
screening between the intervention and control groups (from
relevant studies) ranged from 1.2% to 50.9%.
Overall, the reviews concluded that interventions that included
>1 communication mode seemed more effective than those that
included a single telephone call or SMS text message reminder.
A 3-step sequential approach (an automated reminder telephone
call and SMS text message, followed by manual telephone calls
and face-to-face interviews) conducted at Portuguese primary
health care units resulted in 51% of the women in the
intervention group attending cervical cancer screening compared
with 34% of the women in the control group who received only
written invitation letters [25,41]. In another study, women in
northern Tanzania who received transportation e-vouchers to
cover return transportation to the nearest screening facility as
well as a series of 15 behavior change messages delivered
through SMS text message were more likely to attend cervical
cancer screening (uptake: 18%; OR 4.7, 95% CI 2.9-7.4)
compared with those who received only the same SMS text
message (uptake: 12.9%; OR 3.0, 95% CI 1.5-6.2) and those
who received 3 SMS text messages with the location and hours
of the nearest screening clinic (uptake: 4.3%) [27,34,37].
Participants from Iran who received a Health Belief
Model–based training in cervical cancer through SMS text
messages, electronic posters, infographics, podcasts, and a video
tutorial were more likely to complete a Papanicolaou (Pap) test
(47.9%) than the participants in the control group (5.8%)
[27,40].
A once-a-month SMS text message reminder over 6 months
combined with a BSE training through a lecture, video, and
demonstration of the technique on a breast model led to a 32%
increase in BSE practice [35,36,42]. An Android operating
system–based smartphone app that included a BSE date alarm,
a reminder to encourage mother and daughter to practice BSE
together, a mother motivation function that allows the user to
call her mother using a notification function to practice BSE
together, and educational videos increased the percentage of
Korean women practicing BSE from 62.2% to 71.1% [39].
Of the 12 reviews, 1 (8%) included interventions that
incorporated navigation to health services [30], which was found
to be effective in increasing screening uptake. All (3/3, 100%)
of the interventions that included health navigation services
were effective in increasing screening uptake. Korean American
immigrant women who received a series of 8 to 21 SMS text
messages about breast cancer through a specially designed
mobile app (mMammogram) and were provided with health
navigation services had a significantly higher percentage of
completed mammograms after 6 months than women who
received printed brochures only (75% vs 30%; P<.001) [30,38].
CHWs in Bangladesh who used mobile apps to facilitate CBE,
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such as showing a motivational video and offering an
appointment, detected 3 times more women with abnormal
CBEs than CHWs without smartphone support (3.1% without
navigation training and 3.2% with navigation training vs 1%
without smartphone) [30,43]. CHWs who used mobile apps and
were trained in navigation had the highest percentage of
participants with an abnormal CBE who attended further clinical
assessment compared with those who used mobile apps only or
without smartphone support. In a study in the United States,
participants who failed to complete a fecal occult blood test
were much more likely to complete a second fecal occult blood
test than those in usual care if they had been contacted through
telephone call by colorectal screening navigators (82.2% vs
37.3% among those who received standard care; P<.001)
[33,44].
There were a number (46/67, 69%) of studies that used only 1
mode of mHealth communication, and the findings related to
screening uptake after the intervention compared with before
the intervention were mixed; for example, in an email
intervention study, whether an email message was loss-framed
(focused on risk), gain-framed (focused on health and well-being
improvement), or neutrally framed (provided only facts) had
no effect on cervical cancer screening uptake [34,45]. An
exception was a study conducted in western Sweden where there
was telephone contact through midwives to offer an appointment
for a Pap test, which increased the uptake of Pap tests compared
with the usual annual invitations without telephone contact
(uptake at 3-month follow-up: 13% vs 3.9%; risk ratio 3.37,
95% CI 2.83-4.01) [25,46]. Another exception was the use of
Facebook to share breast cancer information and schedule breast
screening appointments, which increased breast cancer screening
attendance by an average of 12.9% [31,47].
A brief invitation SMS text message was as effective as a
detailed informative SMS text message: there was no significant
difference in screening uptake between Lebanese women who
received an SMS text message mammogram invitation and those
who received the same SMS text message and an additional
informative SMS text message about the benefits of
mammogram screening [28,48].

Screening Awareness, Knowledge, Intention, and
Attitude
Of the 12 reviews, 4 (33%) [25,27,30,31] included studies
specifically on knowledge, awareness, intention, or attitude in
relation to cervical cancer screening (2/4, 50%), breast cancer
screening (1/4, 25%), or both (1/4, 25%), and almost all of the
individual interventions (7/8, 88%) reported improvements in
knowledge, whereas few studies reported an improvement in
screening intention (1/4, 25%; Table 2). Interventions that were
successful in increasing screening uptake were also successful
in increasing knowledge and awareness about screening for
both cervical and breast cancer.
The CervixCheck intervention was designed for African
American women and consisted of a series of 22 health-specific,
spiritually based, cervical cancer–related SMS text messages
(eg, on the importance of keeping the body healthy and attending
screening) that were sent over 16 days. It resulted in a significant
increase in knowledge about cervical cancer and the Pap test
J Med Internet Res 2022 | vol. 24 | iss. 8 | e36316 | p.167
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Schliemann et al

(mean difference=0.619; P=.001) [25,49]. A 1-week personally
tailored SMS text message intervention significantly increased
Korean American women’s knowledge of cervical cancer
screening guidelines (mean difference=0.31-0.71; P=.006)
[25,50]. Participants who went through the Health Belief
Model–based cervical cancer training scored significantly higher
in perceived benefits of a Pap test and lower in barriers to
obtaining a Pap test, in addition to a higher uptake of Pap tests
[27,40]. Female high school students who participated in
Facebook or face-to-face discussions for 2 weeks after a
50-minute classroom cervical cancer prevention education
lecture that included knowledge about Pap testing increased
their knowledge about cervical cancer compared with those in
the control group (β=2.942; P<.001) [31,51]. Compared with
a telephone reminder and invitation intervention, an educational
telephone call that provided a brief explanation on cervical
cancer, its risks, and colpocytological examination increased
knowledge about colpocytological examination but not attitude
toward it [27,52].

loss of mobile phones, clarity of the language used, and
receiving negative results through SMS text messages.
Participants were interested in receiving SMS text message
reminders for appointments; however, there was reluctance to
receive screening results through SMS text messages in case
someone else accessed their mobile phones and saw the results
(OR 0.31, 95% CI 0.18-0.51), although they reported no issue
with making an appointment.

Korean women who used the mMammogram app and were
provided with health navigation services had increased
knowledge of breast cancer screening compared with the control
group (group difference=mean 16.93, SD 4.77; P=.001) [30,38].
Users of Mammopad, a decision aid for mammogram screening,
reduced decisional conflict and increased self-efficacy in relation
to mammography, although there was no significant change in
screening intention [30,53]. Saudi Arabian women who received
breast cancer awareness information through Snapchat had
better breast cancer awareness and knowledge, including
knowledge about breast cancer screening (P=.01), than those
in the control group who did not receive any awareness
information [31,54]. Among women who were surveyed in the
tailored SMS text message mammography campaign on
Facebook during Breast Cancer Awareness Month, 82%
intended to get a mammography in the next year [31,55].

This scoping review of reviews suggests that mHealth
interventions can be effective in increasing cancer screening
uptake and practice, as well as improving other screening-related
outcomes such as knowledge and awareness about screening.
The results are consistent across different types of reviews. The
most commonly used mHealth technologies used were SMS
text messages and telephone calls. Interventions that included
>1 mode of communication, such as telephone calls and SMS
text message reminders combined or together with invitation
letters, health education, or navigation services, seemed to be
more effective than interventions that included only 1 mode of
communication. A few (4/12, 33.3%) of the reviews reported
implementation measures, and 75% (3/4) suggested that mHealth
interventions were well accepted by participants.

Implementation Outcomes and Measures
Of the 12 reviews, 4 (33%) [25,27,30,31] included studies that
examined outcomes related to the implementation of mHealth
in cancer screening uptake interventions (Table 2). Of these 4
reviews, 3 (75%) reported a high acceptance of such
interventions [25,30,31]. In a 1-week personally tailored SMS
text message intervention, 83% of the participants expressed
satisfaction with the intervention, and 97% reported that they
would recommend the program to their friends [25,50]. In the
CervixCheck intervention, 83% of the participants reported
being either “satisfied” or “very satisfied,” and 85% found the
SMS text messages either “useful” or “very useful” [25,49].
The mMammogram intervention participants were satisfied
with the intervention (P=.003) and agreed that it was effective
(P<.001) [30,38]. In a tailored SMS text message mammography
campaign on Facebook during Breast Cancer Awareness Month,
25% of the women surveyed agreed that they used Facebook
to find breast cancer screening information, and 43% agreed
with seeing more mammogram information on Facebook
[31,55].
Some of the concerns of the participants regarding mHealth
interventions included confidentiality of SMS text messages,
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The barriers to using mHealth in reaching out to people to
encourage cancer screening included inconvenience for older
participants, lack of texting proficiency, difficulty in texting,
and apprehension that SMS text messages might not be clearly
understood [56]. Including a reminder and keeping the SMS
text messages informative, short, and simple was suggested to
increase screening uptake [57].

Discussion
Principal Findings

The effectiveness of interventions that used >1 mode of
communication has been demonstrated in cancer screening
uptake in LMICs [58]; for example, in Malaysia, mass media
campaigns that used different channels of health promotion
successfully increased symptom awareness of breast cancer [59]
and colorectal cancer [60].
A very effective intervention was a combination of educational
SMS text messages and e-vouchers to subsidize the
transportation to attend screening [37], which is especially
relevant in rural areas in LMICs. In many LMICs, public
transport and e-hailing services are mainly available in cities,
and the majority of health care facilities that offer cancer
screening are located in town areas; for example, in Malaysia,
travel distance to the nearest mammogram screening facility
ranged between 2 km and 340 km with a median of 22 (IQR
12-42) km [61]. Longer travel distance to cancer services is
associated with lower likelihood of cancer screening uptake
[62] and presentation of more advanced stages of breast cancer
[63] and colorectal cancer [64]. Interventions that increase
knowledge might not translate into higher screening uptake if
underlying structural barriers to screening, such as lack of
transportation, are not addressed [25,27]. The use of e-vouchers
has been described as a form of an “enablement” intervention
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that reduces “barriers to increase capability or opportunity”
[65].
Approximately half (31/67, 46%) of the interventions included
in the reviews included SMS text messaging, which uses a
cellular network and is preinstalled on every mobile phone,
unlike internet-based instant messaging apps. Almost 100% of
SMS text messages are read, and 90% of them are read within
30 minutes of receipt compared with emails (approximately
18% are read) [66], which might explain the ineffectiveness of
emails in improving cancer screening uptake and related
outcomes. Worldwide, IP-based chat apps are gaining
popularity: WhatsApp, Facebook Messenger, and WeChat have
2 billion users, 1.3 billion users, and 1.2 billion users,
respectively [67]. Chat apps, especially those with high open
rates, such as SMS text messaging [68], enable more efficient
communication by allowing users to send longer messages;
share pictures, videos, or audio messages; and chat in real time.
However, because SMS text messaging is operator-based, it is
more useful in rural areas where there is poor mobile internet
coverage. In addition, SMS text messaging is simple to use and
does not require additional apps, which might be more user
friendly for those who are less tech savvy; for example, older
adults.
In addition to SMS text messaging and chat apps, social
networking sites, with their large numbers of users, hold great
potential in mHealth interventions. As of July 2021, popular
social networking sites such as Facebook and Instagram had
2.85 billion users and 1.39 billion users, respectively, and the
numbers are increasing rapidly [67]. However, in the only
review that examined social media solely [31], the studies
included were mostly about low-level engagement (number of
impressions, reach, likes, comments, and sharing of tweets and
posts), and the review highlighted the lack of studies (1/4, 25%)
that examined high-level engagement with social media
interventions, such as uptake of screening [31]. This is likely
because of the difficulty in linking screening uptake and social
media data because social media posts are not designed for such
analysis. The fast pace of social media means that social media
contents could be outdated quickly or get inundated by other
information, which reduces their reach to the target population
and long-term sustainability. Running multiple campaigns on
multiple social media platforms also means that it is difficult
to pinpoint which campaign or platform has the greatest impact
on behavior change. In addition, there are age differences in
social media use; many individuals in the targeted age groups
for cancer screening might not be reached through social media.
In a survey of American adults, >80% of those aged 18 to 49
years and 73% of those aged 50 to 64 years used social media
sites, whereas only 49% of those aged ≥65 years reported so
[69].
mHealth interventions will only work if there is access to mobile
phones and mobile internet. Globally, although the penetration
of mobile phones and mobile internet is high, there is an unequal
access to mobile technology and internet between urban and
rural areas and between sexes. All urban areas are covered by
a mobile broadband network; however, in some LMICs, 19%
of the rural population are covered by only a second generation
network, and 17% of the rural population have no mobile
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coverage at all [70]. The rural-urban gap is especially prominent
in LMICs, where urban access to a mobile broadband network
is 2.3 times as high as rural access [70]. In LMICs, women’s
mobile phone ownership and internet use is significantly lower
than that of men’s, and the gap ranges from 50% in South Asia
and 20% in sub-Saharan Africa to 12% in the Middle East and
North Africa [71].
The gap in mobile phone ownership and internet use has
important public health implications. mHealth interventions to
increase cancer screening uptake might be less effective in rural
areas, where screening uptake is already low [72]. Many (57/67,
85%) of the mHealth interventions targeted cervical and breast
cancers, the 2 most common cancers among women. Thus, the
rural-urban gap in mobile access means that women from rural
areas are at a greater risk of inequitable access to information
and interventions on cancer screening.
Given the rapid development of mHealth technologies, there is
a need for researchers to incorporate them effectively into
interventions. However, the speed of research does not advance
at the speed of mobile technology, and researchers have little
control over app development [30]. Most smartphone apps
address tertiary cancer prevention [30], such as support for
patients with cancer in health information management [73],
medication adherence [74], weight management [75], and mental
health improvement among cancer survivors [76], and there is
a lack of smartphone apps for secondary cancer prevention.
Many of the apps developed for research are not available for
download and have not been widely adopted after the studies
were concluded.
mHealth holds great potential to reach out to many people in
low-cost settings, and it is also safe in times of the COVID-19
pandemic where social contact has to be minimized. However,
it might not be acceptable to pass on personal information
through certain mHealth technology; for example, there were
participants who mentioned that although it was acceptable to
receive SMS text message reminders about their screening
appointment, they would not want to be informed about their
screening results through SMS text messages. The gap could
be filled by CHWs, who could act as the link between mHealth
technologies and participants by informing the latter personally
through telephone calls of their screening results. A recent
review found that CHWs play a critical role, particularly during
pandemics, in community engagement [77]. CHWs are usually
members from the same communities as the intervention
participants and are knowledgeable about the resources available
within the communities. They may be able to reach out to
vulnerable populations and encourage uptake of cancer screening
[78] and mobile technologies [79]. However, despite proven
effectiveness of CHWs in cancer screening and early diagnosis
interventions [80], there were very few (1/12, 8%) reviews that
included interventions that combined mHealth and CHWs.

Limitations
Given the heterogeneity of reporting and differences in the
details reported in each review, it was challenging to summarize
the evidence from the reviews concisely. In addition, some
reviews did not exclusively examine mHealth and cancer
screening; they included other types of interventions and
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preventive measures. Furthermore, unlike in a systematic review,
the quality of the selected articles was not assessed.

Future Research and Recommendations
Future interventions should consider combining at least two
modes of mHealth communication, for example, SMS text
messages and telephone calls, and screening interventions are
likely to achieve better attendance when participants receive at
least one reminder. In addition, future interventions should
consider incorporating instant messaging apps such as
WhatsApp, Facebook Messenger, and WeChat, in addition to
SMS text messaging, because the number of users is increasing
exponentially, and more educational information using videos,
audio messages, or graphics could be shared. Social media
platforms, especially Facebook, should be incorporated for
health promotion, sharing of educational information, and
appointment making. When social media platforms are used,
there is a need to take into account their popularity and
acceptability within the country where the interventions are

Schliemann et al
conducted. In addition, engagement with different social media
apps varies among age groups. Other incentives such as transport
vouchers may be included when interventions are conducted
among those with poor access to screening facilities. Facilitators
to improving access to, and engagement with, mHealth among
older adults have been described, including support from the
government and family, addressing digital problems in deprived
areas, and increasing accessibility to mobile phones or tablet
computers [81]. CHWs and navigation services may be provided
along with mobile technologies to support participants’ needs,
promote and facilitate the use of mHealth, and pass on
information such as screening results.

Conclusions
mHealth interventions have the potential to increase cancer
screening uptake and other cancer screening–related outcomes
such as knowledge about screening and intention to screen.
Combining >1 mode of communication may have a better impact
on cancer screening uptake.
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Abstract
Background: Although most digital twin (DT) applications for health care have emerged in precision medicine, DTs can
potentially support the overall health care process. DTs (twinned systems, processes, and products) can be used to optimize flows,
improve performance, improve health outcomes, and improve the experiences of patients, doctors, and other stakeholders with
minimal risk.
Objective: This paper aims to review applications of DT systems, products, and processes as well as analyze the potential of
these applications for improving health care management and the challenges associated with this emerging technology.
Methods: We performed a rapid review of the literature and reported available studies on DTs and their applications in health
care management. We searched 5 databases for studies published between January 2002 and January 2022 and included
peer-reviewed studies written in English. We excluded studies reporting DT usage to support health care practice (organ transplant,
precision medicine, etc). Studies were analyzed based on their contribution toward DT technology to improve user experience
in health care from human factors and systems engineering perspectives, accounting for the type of impact (product, process, or
performance/system level). Challenges related to the adoption of DTs were also summarized.
Results: The DT-related studies aimed at managing health care systems have been growing over time from 0 studies in 2002
to 17 in 2022, with 7 published in 2021 (N=17 studies). The findings reported on applications categorized by DT type (system:
n=8; process: n=5; product: n=4) and their contributions or functions. We identified 4 main functions of DTs in health care
management including safety management (n=3), information management (n=2), health management and well-being promotion
(n=3), and operational control (n=9). DTs used in health care systems management have the potential to avoid unintended or
unexpected harm to people during the provision of health care processes. They also can help identify crisis-related threats to a
system and control the impacts. In addition, DTs ensure privacy, security, and real-time information access to all stakeholders.
Furthermore, they are beneficial in empowering self-care abilities by enabling health management practices and providing high
system efficiency levels by ensuring that health care facilities run smoothly and offer high-quality care to every patient.
Conclusions: The use of DTs for health care systems management is an emerging topic. This can be seen in the limited literature
supporting this technology. However, DTs are increasingly being used to ensure patient safety and well-being in an organized
system. Thus, further studies aiming to address the challenges of health care systems challenges and improve their performance
should investigate the potential of DT technology. In addition, such technologies should embed human factors and ergonomics
principles to ensure better design and more successful impact on patient and doctor experiences.
(J Med Internet Res 2022;24(8):e37641) doi:10.2196/37641
KEYWORDS
health care; digital twins; safety; information management; supply chain management; operational control; well-being promotion;
human factors; technology; health informatics; literature synthesis; scheduling and optimization; digital health
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Introduction
One of the fastest growing sectors of the global economy is the
health care industry [1,2]. For a complex system like a hospital,
many problems and obstacles arise owing to the variability
resulting from the incongruity between demand, and capacity
and resource availability. In addition to the operational
management of resources, having an almost instantaneous and
reliable vision of the available resources would permit a more
adaptive management of the resources as the demand varies.
As the demand changes, managing staff schedules, patient flow,
bed sizes, and room usage would be a challenge [1].
Technology-based strategies can be promising contributors to
improving the efficiency of health care delivery. The increasing
adoption of various health information technologies has created
new channels for management [3] and communication [4] that
revolutionize health care systems.
Meanwhile, a revolution toward an intelligent industry or
“Industry 4.0” combining advanced technologies emerged in
2011 [5]. This revolution affected all sectors, including health
care. One of the supporting concepts in implementing Industry
4.0 is the digital twin (DT) [6]. A DT is a virtual representation
of a physical asset replicated virtually through data connection
[7,8], making it possible to link the system with its virtual copies
in a bidirectional way [9]. Digital technologies provide many
opportunities to revolutionize health care. For example, real-time
data can be provided by Internet of Things solutions, and large
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data flows are managed and secured by robust digital
infrastructures. In addition, flows and decision-making support
are improved by command centers, artificial intelligence, and
machine learning [10-12]. However, it is through the creation
of DTs that much of this can be brought together [8]. The
medical DT concept is considered more beneficial for
personalized medicine to help health care professionals realize
more effective interventions by digitally replicating the human
body, allowing prevention, early detection, and targeted
treatments of many diseases [13,14]. This paradigm is not
limited to medical practice improvement; it also offers a solution
to the issues related to health care systems and supports their
strategic management. A DT can help design, optimize, and
test products; design and operate production systems; manage
and control supply chains; diagnose problems; and provide
after-market services [15]. There are 3 types of DTs, as
illustrated in Figure 1.
In this context, this rapid review aims to highlight what DTs
have accomplished in correlation with health care management
support. We intend to cover the interventions that used DTs
(products, processes, systems) to improve the management of
medical services. We report the DT type and its role in the
system (function). This classification of DTs is adopted from
Siemens, classifying DTs into 3 types, with 1 related to
processes (eg, production), 1 related to product design, and 1
related to system performance (eg, performance) [16]. The
combination and integration of the 3 DTs as they evolve together
is known as the digital thread [16].

Figure 1. Types of digital twins.
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Methods
Study Design
We performed a rapid review of studies involving DT
technology to improve health care services management. Rapid
reviews are a form of evidence synthesis that can provide
timelier decision-making information than standard systematic
reviews. They are suitable for emerging research topics where
systematic reviews are unpractical [17]. Rapid reviews typically
do not include an exhaustive set of studies, do not involve formal
analyses of the study quality, and report findings from prior
studies via narrative synthesis by simplifying the evidence
synthesis process [18].
Our protocol was registered on January 28, 2022, with the Open
Science Framework [19]. The primary goal of this review was
to identify the opportunities that DTs have offered to support
the improvement of the health care system. We summarized the
literature on existing applications of DTs and the challenges
associated with their design, use, and implementation.
Publications spanning the last 20 years were considered, from
January 1, 2002, to January 25, 2022. We started in January
2002 because the concept of DTs was publicly first introduced
in 2002 by Grieves [20]. Grieves proposed the DT as the
conceptual model underlying product lifecycle management
[20].
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that covered only the health care applications of DTs (no
industrial, manufacturing, or energy-related initiatives). We
excluded the following types of studies: studies published in a
language other than English; reviews, short communications,
and briefs not reporting the impact of DTs through empirical
studies and approaches; papers that are not peer-reviewed;
studies that present an initiative to support a medical practice
(precision medicine, organ transplant, etc).
Studies are discussed based on the contribution of DTs to
improving user experience in health care from human factors
and systems engineering perspectives, accounting for the type
of impact (product, process, or performance/system level).

Results
Of all the sources found, 72 papers were screened
comprehensively, and 17 papers were included in this review.
The screening process is summarized in the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
flow diagram shown in Figure 2.

Search Strategy

Even though very few articles matched our scope, the research
trend is evolving. The selected papers covered different
application areas, including process development (n=5), a system
improvement initiative (n=8), and developing/designing and
testing a product (n=4). We adhered to conventions for narrative
reviews by combining our results with interpretations and
discussion in the Results and Discussion sections.

We searched PubMed, Web of Science, IEEE Xplore, Scopus,
and ScienceDirect using “digital twin” and “health” as the
keywords. The studies included journal and conference articles

We identified 4 main functions that DTs perform in managing
health care systems. We summarize the functions and their
adopted definitions in Table 1.

Figure 2. PRISMA (Preferred Reporting Items for Systematic reviews and Meta-Analyses) flow diagram of the article selection process.
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Table 1. Functions of digital twins identified in this study.
Function

Definition

Safety management

Avoiding unintended or unexpected harm to people during the provision of health care processes; identifying
crisis-related threats to a system and helping control the impacts

Operational control

Ensuring high system efficiency levels by making sure that health care facilities run smoothly and offer highquality care to every patient

Information management

Ensuring privacy, security, and real-time information access to stakeholders

Health management and well-being
promotion

Empowering self-care abilities by enabling health management practices

These technologies have the potential to avoid unintended or
unexpected harm to people during the provision of health care
processes and identify crisis-related threats to a system and help
control the impacts, which we define as safety management.
They are also used to ensure privacy, security, and real-time
information access to all stakeholders, which can be considered
information management. Another function identified is
well-being promotion and health management, where DTs
empower the self-care abilities of patients by enabling health
management practices. The last function is operational control
and management. This technology has the potential to ensure
a high system efficiency level by ensuring that health care
facilities run smoothly and offer high-quality care to every
patient.
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Table 2 summarizes the functions of DTs, along with the key
findings of the studies considered in this review.
Our findings are presented per the function of DTs (safety
management, information management, health management
and well-being promotion, and operational control). The
operational control findings are presented in 5 subparts (process
control of anomalies, scheduling of interventions, resource
allocation, operation optimization, and strategy optimization).
After presenting the state of the art of DT use, we present the
challenges associated with the use and implementation of DTs,
followed by the limitations of our study.
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Table 2. Functions and key findings.
Function and type of DTa

Key findings

Safety management
System (Jovanović et al, 2021) [21]

The DT used allows management of the infection peak and development of precisely targeted
vaccination strategies that allow targeting based on individuals' number of social contacts.

System (Talukder, 2021) [22]

A DT architecture is proposed to ensure safety within an ecosystem disrupted by COVID19. It mitigates the system challenges and increases patient safety in post–COVID-19 health
care delivery.

System (Alrashed et al, 2022) [23]

A DT was used to simulate the different possible strategies and scenarios to predict the
spread of the COVID-19 virus and minimize the impacts while ensuring continuity in providing services to citizens.

Information management
Product (Lutze, 2019) [24]

DTs embedded in wearable devices were used to gather personal information to make group
or system decisions.

System (Pang et al, 2021) [25]

A city DT was developed based on federated learning principles to serve as a local central
server of information. It allows centralizing information, sharing knowledge, sharing local
strategies, and sharing responses to adopted plans in real time among multiple cities.

Health management and well-being promotion
Product (Díaz et al, 2021) [26]

The DT developed (DTCoach) serves as not only an accompanying educator but also as a
mentor that can be used on portable devices like smartphones. It enables web-based pose
estimation and performance measurement by providing a person-centered digital coaching
experience with a platform that serves as a coach, an accompanying educator, and a mentor
who can help make the necessary adjustments based on the individuals' capabilities.

Product (Liu et al, 2019) [27]

The suggested cloud-based system, ClouDTH, uses personal data from digitally twinned
wearable medical devices to achieve interaction and convergence between physical and
virtual medical spaces to facilitate personal health management for elderly patients.

Product (Tröbinger et al, 2021) [28]

The DT product developed serves as an alternative to telemedicine solutions. It presents a
new approach to the remote doctor visit. The dual doctor-patient twin paradigm involves 2
robotic systems (patient GARMI, doctor MUCKI). Control, interaction, and knowledge
transfer are enhanced by artificial intelligence, visual motion, and facial expression analysis
in the DT. Thus, it enables a transparent remote doctor visit and better-informed and robotassisted telerehabilitation with bidirectional telepresence control.

Operational control
Process (Nonnemann et al, 2019) [29]

DTs of the processes in an ICUb station are integrated into a system (Health@Hand) to allow
remote monitoring; it detects faults and anomalies immediately and will enable interventions
at an early stage.

Process (Chase et al, 2021) [30]

DTs of the processes are used to optimize the interventions in a medical ICU. They aim to
optimize patient care by clinical staff at the enterprise level for more productivity and quality improvement.

System (Karakra et al, 2018) [31]

The hospital's DT proposed developing a predictive decision support model that employs
real-time services data drawn from these systems and devices. This model enables assessing
the efficiency of existing health care delivery systems and evaluating the impact of changes
in services without disrupting the daily activities of the hospital. It allows foreseeing the
effectiveness of changes in the models before they are applied in reality.

System (Augusto et al, 2018) [32]

The DT of an emergency unit is developed to optimize the pathway of patient care in the
unit. The system accounts for various arrival processes to account for massive arrivals in
case of a crisis and determine the best available leverages to optimize the operations of the
system.

Process (Mylrea et al, 2021) [33]

BioSecure DT monitors every step in the supply chain process to ensure good productivity
and cybersecurity by applying Cyber-Informed Engineering.

Process (Karakra et al, 2019) [34]

It predicts the near future and monitors the processes in real time through the HospiT'Win
(DT) system. It allows detection of unexpected situations before problems occur in real life
(delay, change in schedule, etc). It will enable the tracking of data flow from the real world
to the virtual world.
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Key findings

System (Karakra et al, 2020) [35]

Using discrete event simulation and DTs through a system called HospiT'Win allows
tracking the pathways of patients inside the health care organization to manage growing
demand and decrease waiting times and delays. The solution enhances resilience to sustain
critical operations under expected and unexpected conditions. It conveys key information
to decision-makers in real time.

System (Rodríguez-Aguilar et al, 2020) [36]

The DT of the health care system is developed to better respond to contingencies and ensure
optimal allocation of available resources in a DHPESc.

Process (Croatti et al, 2020) [37]

a

A trauma DT is used to digitalize and support the process of severe trauma management,
considering it as a physical asset that is mirrored by 2 DTs.

DT: digital twin.

b

ICU: intensive care unit.

c

DHPES: Digital Health Public Emergency System.

Discussion
State of the Art of DT Usage
Health care has evolved away from focusing solely on illness
toward primary health care and health promotion, considering
health care as a complex ecosystem [38]. The most significant
contributions of digital twinning in health care have been
precision medicine efforts that provide patients with targeted
treatment and diagnosis [39]. However, its use to develop novel
customized health care management approaches started in 2018
and is still an evolving concept [40].

Safety Management
The goal of the patient safety movement is to reduce adverse
outcomes or injuries resulting from health care processes. It is
imperative that these adverse outcomes are avoided, prevented,
or minimized [41]. With the improvements in safety standards
and policies, more attention is accorded to analyzing safety
issues and the sources of these issues [42]. Errors and
inefficiencies in inpatient care are frequently the results of
conflicting, incomplete, or suboptimal systems in which patients
participate and interfere [43]. The report published by the
Institute of Medicine at the beginning of the 21st century
resulted in the increased and rapid adoption of health
information technology in health care settings, especially for
patient safety purposes [44]. For example, the wrong site, wrong
side, wrong procedure, and wrong individual (WSWP) errors
have been mitigated to some degree by electronic health records.
However, these errors continue to be quite significant [45].
DT-assisted safety management systems can be implemented
within the Safety 4.0 framework to manage complex safety
procedures with minimum human error [46]. In addition to
providing operators with contextual information about the
surroundings, DTs can guide them through safety tasks [47].
Our study found different DT applications (n=3) that contribute
to patient and system safety management through system
twinning and product twinning. For instance, an opportunity
that DT developers seized was the COVID-19 safety crisis
within the health care ecosystem [21]. In 2020, COVID-19
disrupted the health care system and caused an ecosystem crisis
that harmed public safety, including resource shortages,
misinformation, and medical errors. Virtual interventions and
technology initiatives became the preferred mode of service.
https://www.jmir.org/2022/8/e37641
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For example, DTs could accurately contribute to vaccination
strategy development. Vaccinations can be targeted based on
the number of social contacts of each individual, and infections
can be restricted to isolated hotspots and delayed by precisely
targeted vaccination, inherent immunity, and public health
measures that reduce the infection peak. Thus, DT technology
supports decision-making to control the spread of the virus [21].
Apart from this, twinning systems contributed toward predicting
the COVID-19 spread. Alrashed et al [23] used a DT system to
simulate different strategies and scenarios to minimize the
impacts of the virus spread and prevent it while continuing to
provide necessary services to citizens with no interruptions to
ensure their safety with minimal risk. Safety risk for patients
was not only caused by the virus itself but also by the inability
of the systems to respond to the new challenges. These
challenges will continue to impact the system even after the
COVID-19 crisis. Talukder [22] suggested a system architecture
that ensures safety within an ecosystem disrupted by COVID-19.
It mitigates system-related challenges and increases patient
safety in post–COVID-19 health care delivery [22]. In
conclusion, DTs (systems and products) can ensure safety
management in health care systems by identifying potential
threats, redesigning the systems to mitigate hazards, and
improving the safety strategies implemented. This leads to the
right care at the right price and time for everyone and
everywhere at any point of care in a safe manner.
Although the applications of DT technology in patient safety
were inspired by COVID-19, it is essential to investigate its
potential in other settings and crisis situations. In addition, this
technology helps address safety issues in health care without
interrupting day-to-day work; it can also be used to address
other medical safety issues, such as surgical errors, workplace
safety issues, and medical bias in diagnosis.

Information Management
The American Health Information Management Association
describes health information management as the process of
collecting, analyzing, and securing digital and traditional
medical records that are vital to providing quality patient care
[48]. Health care organizations seek to analyze patients'
information efficiently and quickly, both internally and
externally [49]. However, they face many challenges such as
privacy, exchange restrictions, and extensive data. Increasing
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amounts of patient data are forcing health care institutions to
replace traditional approaches that cannot cope with increases
in data. The United States is taking steps to boost health care
information and communication access by leveraging advances
in information and communication technologies [50]. Health
information management systems have grown rapidly in recent
years and are being used to derive important health trends and
provide timely preventive care [51]. DT technology can
revolutionize clinical research with the changes that it can bring
to the basis of health care systems and medical practices. By
leveraging this technology, users can better ask questions, get
better answers, and gain data-driven actionable insights without
compromising the health of real-life subjects. In fact, using a
DT, people can gather, aggregate, and represent individual
information about their health and well-being [52]. As more
data are collected, more DTs will be enabled, leading to more
discoveries and better treatment, thus allowing the assembly of
more data with less cost, and especially eliminating the risks
and consent issues associated with actual human subjects [53].
In our review, we found applications related to information
management DTs (n=2).
According to Lutze [24], eHealth systems can manage
knowledge by implementing DTs that are based on artificial
intelligence. He proposed a DT that collects daily activity data
from smart assistance systems linked to wearable sensors for
elderly people and extracts behavioral knowledge for
information management. The technology suggested accounts
for systems, processes, and group changes to provide unbiased
conclusions based on learned, trained data. It has a
human-centered design, as it allows the self-determination and
autonomy of patients to share or refuse the usage of their data
with providers and clinical staff. It also establishes solid
robustness by automatically tracing the use of all knowledge
sources and verifying conclusions drawn about patients after
system changes [24]. Auditability is established by tracing the
use of all knowledge sources and recording and verifying
conclusions drawn about patients and users after system changes.
Robustness is supported by automatically checking the
containment of a patient within the designated user group of
the system and verifying the continued validity of the assessed
acceptance conditions after system changes. Moreover, human
oversight is facilitated in all critical situations [24].
Another example of an information management DT was
suggested by Pang et al [25]. During pandemics, sharing
information among different cities and countries in real time
through a shared learning model (federated learning) remains
critical while ensuring enhanced privacy protection. Pang et al
used DT technology in a novel collaborative paradigm that
allows DTs in multiple cities to share the local strategy and
status quickly without violating any privacy rules to help manage
the COVID-19 pandemic [25]. These 2 examples show that
DTs allow information management and knowledge extraction
by encoding, storing, retrieving, and sharing data in a secure,
smart, and real-time environment.

Health Management and Well-being Promotion
Health and well-being goals are challenging to achieve for many
individuals. In response to this challenge, a growing number of
https://www.jmir.org/2022/8/e37641
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technologies are being developed to improve people's diet,
physical activity, sleep, and mental health. By promoting
behavior change and controlling health care costs through
modern digital health interventions, people can maintain better
health and a healthier lifestyle. Today, a variety of sensors are
miniaturized and widely used to track basic physiological
indicators on the move to help with better health and well-being
management. Moreover, because smartphones are extremely
easy to access, mobile health apps are currently considered the
most beneficial platform for promoting healthy lifestyles and
changing behavior [54]. In modern medicine, personal health
management services are viewed as electronic, remote, and
digitally enabled care that helps individuals manage their own
care and reduce the need for in-clinic visits that are typically
expensive and time-consuming [55].
In our review, we found that DTs were used for health
management and well-being promotion (n=3). One such DT
was introduced by Díaz et al [26] in 2021. Their DT application
was called DTCoach. It is a user-centered smart coach that
serves as a mentor and an accompanying educator to the users.
It helps the users make the necessary adjustments in their posture
and performance based on measurements taken that characterize
their individual capabilities [26].
Another example was ClouDTH, suggested by Liu et al [27].
This cloud-based health care system uses personal data from
digitally twinned wearable medical devices to achieve a
convergent interaction between the medical and physical spaces,
and their virtual twins. Then, it facilitates self-management of
health for elderly patients [27]. Patients' needs depend on many
factors, and age is one of them. Elderly patients have higher
demands for many medical services. Therefore, DTs are used
extensively in geriatric care to support health management
promotion of elderly patients. Furthermore, another example
that we cover in our review was introduced by Tröbinger [28],
which is a new DT approach serving as an alternative to
telemedicine. It consists of a transparent remote doctor visit and
a better-informed and robot-assisted telerehabilitation initiative
that allows bidirectional telepresence control [28]. In summary,
DTs are used to accompany patients and give them control over
their health by promoting well-being and lifestyle activities and
supervising them to maximize their performance in a safe
environment.

Operational Control
Operating a health care facility on a day-to-day basis impacts
patient experiences and organizational goals [56]. Thus,
operations management helps in understanding and optimizing
the business processes inside medical departments to reduce
and alleviate the effects of overcrowding, waiting times, delays,
and other problems that facilities are facing [57]. DTs have the
potential to contribute to the effective operation of health care
units. Our review found that most DT initiatives to improve
health services have health care operations management focusing
on revolutionizing clinical processes and enhancing medical
care. They replicate hospitals or treatment facilities and help
improve their performance in a safe manner with less risk.
Applications are numerous and range from predicting resource
shortage to managing patient flow. Using DT technology, an
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37641 | p.182
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institution can execute a digital stress test to observe how the
technology would fare under extreme conditions like crises. By
creating a virtual twin of a hospital, stakeholders can review
the operational strategy, capacity, staffing, and care model on
the DT to determine what actions to take and mitigate future
challenges. Our review identified extensive efforts (9 out of
17studies) to support operational control and account for health
care system challenges. The efforts consisted of digitally
twinned systems and processes for performance control.
Detecting anomalies in processes is essential to prevent hazards
and predict the corrective actions that need to be implemented.
With some interventions, such as the solution suggested by
Croatti et al [37], DTs can be used to support physical processes
through their digital representations and monitor their changes.
In this study, by mirroring the real system by building an
agent-based smart DT, they aimed to digitalize and support the
process of severe trauma management [37]. This DT represents
the operative phase of trauma management and starts when the
trauma is marked as severe in the previous phase. The fact that
this DT starts before the patient's arrival to the unit is very
important for this case study [37]. In this way, the trauma team
is prealerted about the incoming patient and starts collecting
and receiving information directly from the accident site. Its
internal state changes when the patient is delivered to the
emergency department, where the trauma team starts taking
care of the patient. A very preliminary version of a system
prototype has been developed according to the designed
conceptual model [37].
Another example is Health@Hand, suggested by Nonnemann
et al [29]. They twinned the processes of an intensive care unit
(ICU) station and integrated them into a digital system
(Health@Hand) to allow remote monitoring of the processes.
With this intervention, hospital managers can detect anomalies
and faults immediately and intervene in an early stage.
Moreover, while improving the productivity and efficiency of
processes, some digital interventions forget to address the
problem of cybersecurity, which may harm the systems. As a
solution to this problem, Mylrea et al [33] propose BioSecure.
It is a process twinning that allows managers to monitor every
step in the supply chain process to ensure good productivity
and cybersecurity to secure the system and data by applying
Cyber-Informed Engineering.
One of the challenges in health care is providing an optimized
scheduling strategy that can effectively use the hospital's
resources and prevent delays, errors, and long lengths of stay.
An application in the same settings (ICU and process twins)
was developed by Chase et al [30] that aimed to optimize patient
care by clinician staff at the enterprise level to improve the
productivity of the staff and the quality of care delivered to
patients. In addition, using resources effectively has always
been a challenging decision for managers in all industries. In
health care, resource allocation needs to be regulated by
providing efficient services on time. Rodríguez-Aguilar et al
[36] suggested a DT for a hospital that supports resource
allocation (financial and human) called the Digital Health Public
Emergency System (DHPES). DHPES provides efficient health
services [36]. The DT design seeks to generate virtual instances
that emulate the real operation of the provision of highly
https://www.jmir.org/2022/8/e37641
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specialized public services, including the supply of medications,
supplies, devices, and equipment as well as the management of
human resources and financial resources in the event of a
contingency [36].
Another DT initiative called HospiT'Win was developed to
manage the patients' pathways inside the hospitals [34,35]. This
DT can help hospitals equilibrate demand and supply and control
the growing workload while reducing waiting times, lengths of
stay, and delays. It also provides key information to
decision-makers in real time, controlling the real-time flow of
data. As high demand can disturb health care systems, such DT
systems might be useful in times of crisis. Hospit'Win performed
well during the COVID-19 pandemic by managing the demand
[34,35].
Some operational strategies need to be implemented first to
evaluate their efficiency. In hospitals, evaluating interventions
would disrupt the daily services and activities of the units. This
is where DTs could be most useful. Karakra et al [31] proposed
a decision support system that employs real-time services data
drawn from real systems and devices to enable evaluation of
the impact of changes in services without disrupting the daily
activities of the hospital. This idea allows foreseeing the
effectiveness of changes in the models before they are applied
in reality [31].
Providing patients safe and high-quality care is a demanding
process. A DT framework for a system is proposed by Augusto
et al [32] to optimize a patient’s care pathway in health care
units. The system accounts for various arrival processes and
simulates different scenarios to determine the best available
leverages to optimize the operations of the system even under
high demand and variability to account for uncertainties [32].
The framework has been conceived and tested in close
collaboration with health care professionals to be as close to
the real system as possible. Furthermore, the framework is
intended to be used regularly by the head of the emergency unit
[32]. Data collection was performed using the hospital
information system for the following parameters: patient
arrivals, the total length of stay; type of patient including less
critical (fast and normal track), moderately critical, and
life-threatening emergencies; and number of requested
paraclinical examinations per patient. On the other hand,
processing times were recorded by interviewing doctors, nurses,
caregivers, and interns because the related data in the hospital
information system were not reliable enough [32]. The model
was validated and shown to reduce the waiting time and length
of stay in different scenarios.

Future of DTs: Challenges Associated With Use and
Implementation
A DT system would provide patients with a safe and secure
monitoring option; medical staff would have safe and secure
monitoring methods, and authorities would be able to track
extreme crisis scenarios in real time accurately. However, digital
twinning is facing many challenges that are hindering its growth.
The first obstacle is the infrastructure of data flow. For example,
to prevent false positives in the digitally twinned sensors, we
need a good understanding of the variability in the personal
parameters and characteristics of the users [58]. Another concern
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to be addressed before DTs can go mainstream is data security
and privacy. The data used by DTs are confidential and
sensitive, and interconnected devices are an easy target for
cyberattacks that can harm health care systems. Therefore,
governments and policy makers need to consolidate the law
regulation factor to have more protected data-sharing
procedures. Moreover, as data form the core of DTs, quality
control protocols need to be embedded in the real physical
systems to merge the data with the simulated systems (twins)
and ensure good performance of the DT models. Additionally,
ethical concerns like ownership of the data extracted with DTs
are still not addressed. Finally, it is essential to explore factors
that affect DT implementation and adoption.
DTs also have the potential to offer new important pathways
for various care processes in health care. For instance, strategies
to improve communication and patient-centered care can be
implemented digitally to evaluate their effectiveness before
adopting them in real life to avoid repetitive trials that may
disturb patients' pathways. In addition, some patients are hard
to deal with because of their critical medical situations. Digital
twinning of the care processes for these patients can give more
visibility to health care professionals to understand the best
possible care strategy for these patients. Furthermore, usability
studies are sometimes costly in terms of facilities, equipment,

Elkefi & Asan
and time. DTs can facilitate remote usability testing across
diverse populations, accounting for their lower literacy or health
literacy and individuals with cognitive or physical disabilities.
They can also help testers gain time, reduce effort, and earn
money while providing real-time decision support by solving
recruitment problems for surveys, interviews, and clinical trials.
As illustrated in Figure 3, we suggest a framework that
highlights the possible contributions of DTs from human factors
and systems perspectives. Irrespective of whether the technology
designed is by twinning a system, process, or tool, a good DT
design can potentially improve safety management, improve
operational control of the health care system, allow better
information management, and promote the health and well-being
of patients.
Finally, this study also has several limitations. The included
studies largely reported postintervention data, so we could not
determine the preintervention-to-postintervention change or
ascertain whether the intervention groups were matched at
baseline for key characteristics and outcome measure scores.
In addition, we may have missed some articles in our screening
because the research was limited to the following databases:
PubMed, Web of Science, IEEE Xplore, Scopus, and
ScienceDirect.

Figure 3. Framework of the impact classification of digital twins from human factors and systems perspectives.
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Conclusions
DTs are replications of systems, products, or processes that
bridge reality using data and expand the same to virtual models.
In medical services, DTs are primarily used in personalized
medicine; however, they also have the potential to be used at
the system level. These applications vary from safety to
information management, health and well-being promotion, and
operations control. This rapid review shows that digital twinning
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for health care system management is still an emerging field
with considerable potential that was also used during the
COVID-19 pandemic. Therefore, interdisciplinary teams from
various disciplines, including human factors and ergonomics,
human-computer interaction, data science, and digital health,
should further investigate the potential of this technology and
address the challenges that may influence the design and
adoption of this technology in the health care system.
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Abstract
Background: Patients undergoing heart surgery may experience a range of physiological changes, and the postoperative recovery
time is long. Patients and their families often have concerns about quality of life (QoL) after discharge. eHealth interventions
may improve patient participation, ensure positive and effective health management, improve the quality of at-home care and the
patient's quality of life, and reduce rates of depression.
Objective: The purpose of this study was to evaluate the effects of eHealth interventions on the physiology, psychology, and
compliance of adult patients after cardiac surgery to provide a theoretical basis for clinical practice.
Methods: We conducted systematic searches of the following 4 electronic databases: PubMed, Embase, CINAHL, and the
Cochrane Central Register of Controlled Trials. Mean (SD) values were used to calculate the pooled effect sizes for all consecutive
data, including QoL, anxiety, and depression. Where the same results were obtained using different instruments, we chose the
standardized mean difference with a 95% CI to represent the combined effect size; otherwise, the mean difference (MD) with a
95% CI was used. Odds ratios were used to calculate the combined effect size for all dichotomous data. The Cohen Q test for
chi-square distribution and an inconsistency index (I2) were used to test for heterogeneity among the studies. We chose a
fixed-effects model to estimate the effect size if there was no significant heterogeneity in the data (I2≤50%); otherwise, a
random-effects model was used. The quality of the included studies was assessed using the Cochrane risk-of-bias tool for
randomized trials (RoB 2).
Results: The search identified 3632 papers, of which 19 met the inclusion criteria. In terms of physical outcomes, the score of
the control group was lower than that of the intervention group (MD 0.15, 95% CI 0.03-0.27, I2=0%, P=.02). There was no
significant difference in the mental outcomes between the intervention and control groups (MD 0.10, 95% CI –0.03 to 0.24,
I2=46.4%, P=.14). The control group’s score was lower than that of the intervention group for the depression outcomes (MD
–0.53, 95% CI –0.89 to –0.17, I2=57.1%, P=.004). Compliance outcomes improved in most intervention groups. The results of
the sensitivity analysis were robust. Nearly half of the included studies (9/19, 47%) had a moderate to high risk of bias. The
quality of the evidence was medium to low.
Conclusions: eHealth improved the physical component of quality of life and depression after cardiac surgery; however, there
was no statistical difference in the mental component of quality of life. The effectiveness of eHealth on patient compliance has
been debated. Further high-quality studies on digital health are required.
Trial Registration: PROSPERO CRD42022327305; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=327305
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Introduction

information for patients, their families, and health care providers
[25].

Quality of Life and Cardiac Surgery

Many studies have evaluated the potential benefits of eHealth
interventions in patients who have undergone cardiac surgery.
However, to date, there has been no systematic evaluation of
the effectiveness of these eHealth interventions compared to
conventional care in terms of physiology, psychology, and
compliance of adult patients after cardiac surgery. Therefore,
we conducted this systematic review to assess the impact of
eHealth interventions after cardiac surgery on quality of life,
psychology, and compliance.

More than 1.5 million patients worldwide undergo heart surgery
annually, and this number continues to grow [1]. Patients
experience a series of psychophysiological changes before and
after surgery. Preoperative anxiety and depression trigger the
psychological response system, which in turn activates the
endocrine and autonomic nervous systems, affecting
postoperative outcomes, length of hospital stay, and quality of
life [2,3]. Moreover, psychological changes related to chronic
stress, such as anxiety and depression, can affect not only quality
of life but also physiological parameters such as respiratory
rate, heart rate, blood pressure, inflammatory markers, and brain
activity, which may be detrimental to postoperative recovery
[4-6]. The recovery period after cardiac surgery is relatively
long, and most of the recovery processes, such as the healing
of surgical wounds and the recovery of cardiac function, take
place at home or in other facilities outside the hospital [7]. After
cardiac surgery, patients and their families often have concerns
regarding quality of life after discharge [8,9], since they will be
solely responsible for at-home care [10,11]. Many problems
can arise due to a lack of self-care knowledge and skills, and
these problems increase with inadequate follow-up for patient
education, counseling, and postoperative care [12].

eHealth Interventions
In recent years, both health professionals and patients have been
increasingly involved in eHealth [13], which includes mobile
health, mobile and wireless technologies, health information
technology, telemedicine, and personalized medicine, to improve
clinical care, such as public health, health administration, and
health-related education [14]. eHealth is often designed to
support the achievement of health goals. With the increasing
social demand for electronic technology, the use of mobile
devices has the great potential to transform conventional health
care and implement patient-centered initiatives [15-17].
Increased patient engagement is a key factor in eHealth and has
the potential to motivate users and enable them to become more
proactive and effective in managing their own health, ultimately
improving quality of care [18]. The quality of health care has
improved significantly with the use of telemedicine [19]. In
addition, electronic medical interventions are already widely
used in perioperative nursing [20].
Approximately 70% of patients consult the internet for
information soon after learning about their upcoming surgery
[21,22]. Studies [23,24] have reported that eHealth interventions
for cardiac rehabilitation can also improve patients’ quality of
life. These interventions provide continuous education regarding
patient care and treatment, and offer counseling and support to
at-home care providers while allowing access to vital
https://www.jmir.org/2022/8/e40090
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Methods
Design
This study was conducted and reported in accordance with the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) statement (Multimedia Appendix 1) [26].
The systematic review protocol was registered in PROSPERO
(International Prospective Register of Systematic Reviews;
CRD42022327305).

Search Strategy and Data Sources
The PubMed, Embase, CINAHL, and the Cochrane Central
Register of Controlled Trials databases were searched from
inception to April 2022. The search strategy consisted of 2
components: clinical situation (adult, cardiac surgery) and
intervention type (health management using mobile phones,
wearables, personal digital assistants, and other wireless
devices). Relevant search items and combinations of Medical
Subject Headings were used to identify trials related to eHealth
and cardiac surgery. Searches were not limited to a specific
geographic region, language, or period, but any literature without
its full text was excluded. We exclusively included randomized
controlled trials. The exact search terms used in each of the
databases and the corresponding number of results are provided
(Multimedia Appendix 2). EndNote 20 (Clarivate) was used for
database management.

Inclusion and Exclusion Criteria
The inclusion criteria were as follows: (1) patients aged 18 years
or older at the time of heart surgery and studies that did not
specify the type of heart surgery, (2) studies that evaluated any
type of eHealth intervention, and (3) randomized controlled
clinical studies.
Exclusion criteria were as follows: (1) studies where the full
text could not be obtained, (2) insufficient clinical data that
were reported in the form of meeting abstracts and did not
provide detailed treatment methods or report the relevant results,
and (3) duplicate studies.
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Document Screening and Data Extraction
Two researchers (RN and ML) independently performed the
literature screening and data extraction according to the literature
inclusion and exclusion criteria. Decisions on inclusion or
exclusion were made by the researchers after a joint discussion
of the results. Disagreements were resolved by a third party.
One researcher extracted the data using a literature data
extraction table, and a second researcher confirmed the accuracy
and authenticity of the data. The extracted content included
study information (research topic, author, publication date, and
region), baseline characteristics of the study participants (sample
size and age), specific details of the intervention, follow-up
time, and other outcome indicators (quality of life, anxiety and
depression, cardiovascular events, treatment, and medication
compliance).

Data Analyses
Mean (SD) values were used to calculate the pooled effect sizes
for all consecutive data, including quality of life and depression.
When measuring the same outcome using different instruments,
we chose the standardized mean difference with a 95% CI to
represent the combined effect size; otherwise, we used the mean
difference (MD) with a 95% CI to represent the combined effect
size. Odds ratios were used to calculate the combined effect
size for all dichotomous data. The Cohen Q test for chi-square
distribution and an inconsistency index (I2) were used to test
for heterogeneity among the studies. We selected a fixed-effects
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model to estimate the effect size if there was no significant
heterogeneity in the data (I2≤50%). Otherwise, a random effects
model was used. A sensitivity analysis was performed using
the leave-one-out method. All meta-analyses were performed
using the Stata software (version 15.1; StataCorp).

Quality Assessment
Before analyzing the extracted data, 2 researchers independently
assessed the quality of the included studies. A discussion with
a third reviewer was conducted until a consensus was reached
and disagreements were resolved. The quality of each study
was assessed according to the guidelines provided by the
Cochrane risk-of-bias tool for randomized trials, version 2.0
(RoB 2) [27]. The overall quality of evidence for each outcome
was assessed using the GRADE (Grading of Recommendations,
Assessment, Development and Evaluations) approach [28].

Results
Identification of Studies
The PRISMA flowchart in Figure 1 summarizes the search
results and selection process for all studies included in our
synthesis. A total of 3632 articles were retrieved through a
systematic literature search. After removing duplicate studies,
the remaining 2979 records were screened. After reading 41
eligible full-text articles, 22 were excluded, and 19 were selected
[29-47]. A summary of the study characteristics and participant
demographics are presented in Multimedia Appendix 3 [29-47].

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

https://www.jmir.org/2022/8/e40090

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e40090 | p.191
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Meta-analysis
Primary Outcome
Quality of Life
The fixed-effects analysis model was used to analyze the
physical and mental outcomes of quality of life. In terms of
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physical outcomes, the scores of the control group were lower
than those of the intervention group (MD 0.15, 95% CI
0.03-0.27, I2=0%, P=.02) (Figure 2). However, there was no
significant difference in the mental outcomes between the
intervention and control groups (MD 0.10, 95% CI –0.03 to
0.24, I2=46.4%, P=.14) (Figure 3).

Figure 2. Forest plot of the effect of physical outcomes of quality of life after cardiac surgery. SMD: standardized mean difference.

Figure 3. Forest plot of the effect of mental outcomes of quality of life after cardiac surgery. SMD: standardized mean difference.
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Depression
To evaluate depression outcomes, we used a random-effects
analysis model. The score of the control group was lower than
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that of the intervention group (MD –0.53, 95% CI –0.89 to
–0.17, I2=57.1%, P=.004) (Figure 4). Owing to sparse data,
there was no subgroup analysis of the main outcome indicators
based on a follow-up period of 3 months.

Figure 4. Forest plot of the effect of depression after cardiac surgery. SMD: standardized mean difference.

Other Outcomes
Three studies [29,30,42] reported no significant difference in
the improvement of anxiety between the intervention and control
groups. The occurrence of mortality was reported in 4 studies
[31,32,36,39], of which 1 study [31] showed a statistically
significant reduction in mortality in the intervention group,
while the other 3 studies reported different conclusions. A total
of 4 studies [30,35,39,42] reported no statistical significance
for readmission between the intervention and control groups.
Among the 3 studies [31,39,43] that reported on compliance, 2
studies [31,43] showed better compliance in the experimental
group compared to the control group. However, 1 study [39]
showed no statistical difference in compliance between the two
groups. Two studies [35,37] indicated that none of the 4 lipid
indexes had statistical significance. We generated 2 forest plots
to show the effects of eHealth on other outcomes (Multimedia
Appendices 4 and 5). Most of the studies had no significant
differences in their results, apart from those for compliance,
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bleeding events, secondary prophylactic medication, patient
satisfaction, and time in the therapeutic range (Multimedia
Appendices 4 and 5).

Sensitivity Analysis
A sensitivity analysis of quality of life and depressive outcomes
was performed using the leave-one-out method, as shown in
Multimedia Appendix 6 [31,32,34,35,37,41,45], and the results
were consistent.

Quality Assessment
RoB 2 [27] was used for quality evaluation. Overall, the
included studies had a low to moderate risk of bias, as shown
in Figure 5. Most articles did not clearly report the
randomization process. The overall quality of evidence for each
outcome was assessed using the GRADE approach [28]. The
quality rates of each outcome are shown in Multimedia
Appendix 7. In summary, although the quality of some outcomes
was moderate, the overall quality was low.
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Figure 5. A risk-of-bias map using the Cochrane systematic evaluation method to assess the quality of the included randomized controlled trials.

Discussion
Principal Findings
In this systematic review, we assessed the impact of eHealth
interventions on cardiac surgery recovery based on the results
of 19 studies. These studies reported at least an equal (n=6)
[29,30,33,38,39,42]
or
positive
effect
(n=13)
[31,32,34-37,40,41,43-47] of the eHealth intervention compared
to conventional care. According to the results of the
meta-analysis, when compared with the control group, the
eHealth intervention group showed an improvement in both the
physical component of quality of life and the depressive status
of patients after cardiac surgery. The mental component of
quality of life was not significantly different in the two groups.
This may be related to the shorter follow-up period of the
included studies. Lin et al [31] showed that an effect on quality
of life was not observed until the follow-up after 18 months,
which was not long enough for most of the studies we included.
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van der Meij et al [48] showed that eHealth interventions have
similar effects on different types of postoperative outcome
measurements. The results for physical and psychological
indicators were comparable. Therefore, we only conducted a
meta-analysis on quality of life and depression. Study results
on patients with different types of heart surgery, eHealth
interventions, and measured outcomes varied widely. Due to
the lack of reported data and heterogeneity, analysis of the other
results using statistical methods was not performed. The
economics of eHealth interventions have also not been studied
yet. In terms of medication adherence, 2 of the 3 studies reported
improved medication adherence after eHealth intervention
[31,43]. Fewer than 10 studies were included in the quantitative
analysis for each outcome; therefore, publication bias analysis
was not performed. However, the findings should be interpreted
with caution, as the overall quality of the body of evidence was
low to moderate because of the risk of bias in the included
studies.
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Patients undergoing different cardiac surgeries have different
postoperative needs. The studies in this review included eHealth
interventions for medication education, consultation, follow-up,
postoperative exercise, and rehabilitation. eHealth interventions
were also used specifically for postoperative pain [38],
anticoagulant management [44,47], and secondary drug
prevention [33,35,39]. Martorella et al [38] revealed that patients
in the experimental group did not experience less intense pain
but reported significantly less pain interference when breathing
or coughing (P=.04). However, the experimental group
consumed more opioid medication (mean 31.2, SD 23.2 mg)
than the control group (mean 18.8, SD 15.3 mg; P=.001). Two
studies [44,47] showed that the use of eHealth improved efficacy
in maintaining the therapeutic range of prothrombin time.
Another study [44] showed improvement in self-management
knowledge, self-efficacy, and improved behavior of patients
undergoing cardiac valve replacement, as well as reduced
adverse events for bleeding thrombosis [47] through eHealth
intervention. Qu et al [33] showed that eHealth interventions
have limited ability to increase prescription rates for statins or
other drugs. Widmer et al [35] showed that eHealth interventions
can improve the secondary prevention of cardiovascular
diseases. Yu et al [39] showed that the intervention group had
no significant impact on mortality, major adverse
cerebrovascular events, and cardiovascular rehospitalization,
which may be related to low patient participation.

Limitations
First, due to sparse data, there was no subgroup analysis of the
main outcomes according to follow-up time, nor was there a
comparative analysis of the pros and cons of different types of
electronic interventions and different types of cardiac surgery
on postoperative effects. Moreover, due to the limited number
of included studies and the lack of publication bias analysis,
the number of measured depression outcomes was small, and
there was a possibility of deviation. Finally, allocation hiding
was not explicitly reported in most of the included studies. The
quality of the study outcomes was relatively low, and more
high-quality randomized controlled trials should be included in
the future.

Comparison With Prior Work
According to our literature review, there have been many studies
on the clinical application of eHealth interventions. However,
to our knowledge, there is no systematic study on the impact
of electronic interventions on patients after cardiac surgery.
This is the first published systematic evaluation of the effects
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of using eHealth on patients who have undergone cardiac
surgery. We ensured the use of robust methodology to conduct
this review by following the PRISMA guidelines [26].
Among the published systematic evaluations, studies on the
application of electronic interventions included patients with
cancer, respiratory diseases, and arthritis. In terms of quality of
life, 3 studies [49-51] reported that electronic interventions were
ineffective, but 7 [52-58] reported improvement in quality of
life. Two articles [51,57] reported that electronic intervention
was ineffective in relieving anxiety, and another [59] showed
mixed views. Electronic intervention was reported to be
ineffective for depression in 2 studies [51,60], whereas 3 articles
[54,55,59] provided mixed conclusions. There were mixed
results regarding the effect of pain relief, with some studies
[50,51] indicating no effect on pain relief, and others [55,61]
reporting the opposite. Seven studies reported on patient
compliance: 2 studies [51,62] showed no statistical significance
in improving patient compliance, 3 studies [63-65] showed a
positive impact, and according to the remaining 2 studies
[66,67], the impact was uncertain. Another study [68] indicated
that electronic intervention could effectively improve maximum
aerobic capacity and alter cardiovascular risk factors. In
addition, we found that the effectiveness of electronic
interventions may be related to the disease type. eHealth
interventions showed positive effects on the outcome of some
patients [52-55], but studies reporting on patients with cancer
[49] and patients with arthritis [50,51] reported negative results.
There are many different types of cardiac surgery, such as valve
replacement, bypass, and heart transplantation. The various
results relating to different disease types might indicate that the
effect of eHealth intervention may vary according to patient
type. More high-quality studies are needed to verify these
findings.

Conclusions
Based on this systematic review, the eHealth intervention group
showed improvement in both the physical component of quality
of life and depressive status after cardiac surgery, but the
positive effects of the intervention were small. Moreover, the
mental component of quality of life was not significantly
different between the two groups. The overall quality of the
evidence was low to medium. The compliance outcomes
improved in most intervention groups. In the future,
higher-quality randomized controlled studies of eHealth
interventions are needed to provide more evidence for clinical
practice.
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Abstract
Background: Digitalization is not fully implemented in clinical practice, and several factors have been identified as possible
barriers, including the competencies of health care professionals. However, no summary of the available evidence has been
provided to date to depict digital health competencies that have been investigated among health care professionals, the tools used
in assessing such competencies, and the effective interventions to improve them.
Objective: This review aims to summarize digital health competencies investigated to date and the tools used to assess them
among health care professionals.
Methods: A systematic review based on the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
checklist was performed. The MEDLINE, Cumulative Index to Nursing and Allied Health Literature, PsycINFO, and Scopus
databases were accessed up to September 4, 2021. Studies assessing digital health competencies with quantitative designs, targeting
health care professionals, and written in English were included. The methodological quality of included studies was evaluated
using the Joanna Briggs Institute tools.
Results: A total of 26 studies, published from 1999 to 2021, met the inclusion criteria, and the majority were cross sectional in
design, while only 2 were experimental study designs. Most studies were assessed with moderate to low methodological quality;
4 categories and 9 subcategories of investigated digital health competencies have been identified. The most investigated category
was “Self-rated competencies,” followed by “Psychological and emotional aspects toward digital technologies,” “Use of digital
technologies,” and “Knowledge about digital technologies.” In 35% (9/26) of the studies, a previously validated tool was used
to measure the competencies assessed, while others developed ad hoc questionnaires.
Conclusions: Mainly descriptive studies with issues regarding methodology quality have been produced to date investigating
4 main categories of digital health competencies mostly with nonvalidated tools. Competencies investigated might be considered
while designing curricula for undergraduate, postgraduate, and continuing education processes, whereas the methodological lacks
detected might be addressed with future research. There is a need to expand research on psychological and emotional elements
and the ability to use digital technology to self-learn and teach others.
Trial Registration:
PROSPERO International Prospective Register of Systematic Reviews CRD42021282775;
https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=282775
(J Med Internet Res 2022;24(8):e36414) doi:10.2196/36414
KEYWORDS
eHealth literacy; eHealth competencies; digital health; competencies; eHealth; health literacy; digital technology; health care
professionals; health care workers; review; systematic review
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Introduction
Background
Over the last few decades, the increasing technology
development has led to a wide digitalization of several work
processes in health care settings. The World Health Organization
(WHO) has recently defined and categorized digital health
interventions in the health care context as “a discrete function
of the digital technology to achieve health care sector objectives”
[1]. The framework developed by the WHO includes a wide
range of digital tools and interventions, such as telemonitoring,
the use of artificial intelligence, decision-making algorithms,
and health data collection [1]. According to the evidence
available, digitalization has improved the quality of care,
affecting several outcomes at the system level (eg, safety in
medication administration and length of in-hospital stay) and
at the individual level (eg, increasing functional/cognitive
abilities and patients’ satisfaction) [2].
Despite its potential effectiveness, digitalization is not fully
implemented in clinical practice. Several factors have been
identified as possible barriers, including the availability of
technology, financial resources, and health care professionals’
skills in using digital technology [3]. To improve health care
digitalization, health professionals have been recognized as a
key factor in the digital transformation of the health care sector.
Therefore, they should be equipped with digital health
competencies, from basic (eg, computers, tablets) to more
complex skills, such as teaching patients about the safe and
appropriate use of digital data sources and technology [3].

Digital Health Competencies
Different terms have been established to date by the literature
to refer to digital health competencies. The most common term
is eHealth literacy, which has been defined as the ability to use
information retrieved from an electronic source to solve a health
problem [4]. Conceptual frameworks describing the concept
and components of eHealth literacy have been developed to
date for citizens and patients [5]. For example, Norman and
Skinner’s Lily framework [4] includes 6 literacy competencies,
namely, health, traditional, information, scientific, computer,
and media literacy. These competencies have been further
expanded, with updated frameworks such as the “Patient
Readiness to Engage in Health Internet Technology” (PRE-HIT)
and the “eHealth Literacy Framework” (eHLF). These include
different elements promoting or hindering eHealth literacy such
as motivation, engagement, willingness, anxiety, expectations,
and beliefs [6,7]. However, the concepts and components
considered in these frameworks should be conceived differently
when referring to health care professionals, given that they are
expected to have the competencies required to solve patients’
problems rather than a personal health problem [8]. As a result
of this gap, and in light of the required competencies to
overcome barriers in health care digitalization processes [3], an
emergent area of investigation has been set around the digital
health competencies of health care professionals.
Different frameworks have been developed also in this context,
mostly targeting a specific profession, mainly nurses, and using
the methodology of expert consultation, surveys, and consensus
https://www.jmir.org/2022/8/e36414
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(eg, the Delphi study) [5]. Among the most recent frameworks,
the Health Information Technology Competencies (HITCOMP)
[9] framework and the Technology Informatics Guiding
Education Reform (TIGER) version 2.0 framework [10] have
both identified 33 areas of competence articulated in domains.
Specifically, the HITCOMP framework [9] has provided 5
domains, namely, (1) administration, (2) research/biomedicine,
(3) direct patient care, (4) informatics, and (5)
engineering/information
systems/information
and
communications technology (ICT).
The TIGER framework has described relevant competencies
[10] for those who provide direct patient care, including
communication, documentation, quality and safety management,
teaching, training/education, and ethics in health information
technology [10].
In this context, a recent review dared to summarize the digital
health competencies expected by health care professionals by
synthetizing 30 available frameworks [5]. According to the
findings, discrepancies and overlapping are still present across
available frameworks regarding the different categorization of
the competencies, the methods used to conceptualize such
frameworks, and the competencies included [5]. These
inconsistencies rely on the different health care professions
targeted, including health professionals not involved in direct
care, such as engineers [10]. Moreover, half of the 30
frameworks [5] emerged from gray literature and 30% were
developed with the involvement of students, thus with different
expected responsibilities and competencies [5].
Furthermore, the development of the digital health competencies
according to the emergence of new technologies requires a
continuous updating of both competencies to consider relevant
and methods to assess appropriately these competencies [5].
However, to the best of our knowledge, no recent systematic
reviews have been performed on digital health competencies
among health care professionals. Providing a systematic
summary of literature might inform policymakers, managers,
and educators about how to appropriately measure the level of
competencies in health care sector and how to develop adequate
training programs to fill the gap in the digital health
competencies. Moreover, a summary of the available evidence
may inform researchers about the gaps in this field of
investigation. Therefore, this systematic review aims to
summarize which digital health competencies have been studied
in literature and with what tools they have been measured to
date among health care professionals.

Methods
Research Questions
Two main research questions have been addressed: (1) Which
digital health competencies have been investigated to date
among health care professionals? (2) How have these
competencies been assessed?

Study Design
We conducted a systematic review by adopting the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses; Multimedia Appendix 1) checklist [11] both
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in protocol development and in method and finding reporting.
The protocol has been submitted for evaluation to the
International Prospective Register of Systematic Reviews
(PROSPERO; registration number CRD42021282775).

Eligibility Criteria
Studies satisfying the following criteria were included: (1)
assessing digital health competencies as an umbrella term (thus
including terms related and similar to, eg, digital literacy [12],
health informatics competencies [10], or eHealth competencies
[13,14]); (2) targeting health care professionals; (3) adopting a
quantitative design (eg, randomized control trial,
quasi-experimental trial, longitudinal, cross-sectional studies);
and (4) written in English. Therefore, qualitative studies,
commentaries, editorials, letters, PhD dissertations, conference
abstracts, and all studies that investigated technology
accessibility were excluded.

Data Searching
The search string was designed and developed with the support
of an expert research librarian and then preliminarily piloted in
a database to ensure its accuracy according to the review aims.
The final string search included the following keywords: (1)
“digital competencies” and “eHealth literacy” in their similar
and affiliated terms (eg, digital Health Literacy,” “digital

Longhini et al
literac*,” “digital competenc*,” “digital skill*”; and (2) “health
professionals” in its affiliated and similar term (“health care
practice*,” “nurs*”) as fully reported in Multimedia Appendix
2. The search string was applied in the following databases:
MEDLINE, Cumulative Index to Nursing and Allied Health
Literature, PsycINFO, and Scopus up to September 4, 2021,
with an English language restriction filter. In addition, the
“TITLE-ABS-KEY” filter was adopted for the SCOPUS
database to detect relevant studies. The reference lists of the
included studies, the available trial registries, and the references
of systematic reviews were screened by hand-searching to
retrieve all relevant studies. Moreover, Mendeley Reference
Manager was used to manage all references and delete
duplicates.

Study Selection
The title, the abstract, and the full-text screening of eligible
studies were performed by 2 researchers (JL and GR)
independently, and disagreements were resolved by a third
researcher (AP). Interrater reliability was assessed using Cohen
κ statistics, and it resulted in a value of 0.83 (95% CI 0.73-0.93),
meaning an almost perfect level of agreement [15].
The study selection process is summarized in Figure 1 according
to the PRISMA flow diagram [11].

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram for new systematic reviews that included
searches of databases and registers only (Page et al [11]).

Methodological Quality Assessment
Studies were assessed for their methodological quality by 2
researchers (JL and GR) independently, and a third researcher
(AP) was consulted to resolve disagreements.
Joanna Briggs Institute tools for analytical cross-sectional [16],
prevalence [17], and randomized control trial studies [18] were
adopted according to the design used in the included studies.
Specifically, regarding observational studies, we considered
analytical cross-sectional studies when the statistical analysis
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was performed to identify associations between variables;
otherwise they were considered prevalence studies [17].
For all quality assessment tools adopted, the scores applied were
“Y” (yes) when the item was satisfied, “N” (no) when the item
was not satisfied, and “U” (unclear) when the information
contained in the study was not sufficient. Cut-off criteria were
established through an agreement process among researchers
based on previous evidence [19,20]. A moderate methodological
quality level was identified when positive answers (= yes) were
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scored from 5 to 6 in analytical cross-sectional studies, from 6
to 7 in prevalence studies, and 10 or 11 in randomized control
trials. Positive answers below and above these values were
considered low and high methodological quality, respectively.
However, to comprehend all studies, their methodological
quality was not considered an exclusion criterion.

Data Extraction, Analysis, and Synthesis
The following data were extracted from each included study:
author(s); year of publication; country; study design; population
characteristics (eg, age, work profile) and number of
participants; investigated digital health competencies;
definition(s) provided of the assessed competencies (as reported
in the “Study Background” or in the “Methods” sections); tools;
and data collection methods used to assess the competencies
investigated.
Two Excel grids were developed to extract data from the
included studies according to the study aims. The grids were
piloted among 3 studies to ensure their feasibility, and
consistency was also assessed among the researchers (JL and
GR) who performed the data extraction.
After having extracted the data, first, the study characteristics
were summarized according to the study design (analytical
cross-sectional, prevalence, and randomized control trial
studies), reporting their main features and methodological
quality. Second, following the aims of this systematic review,
digital health competencies were summarized by extracting and
analyzing items as open- or closed-ended questions included in
the tools used to assess such competencies in each study,
irrespective of their formats [21]. The items that emerged were
grouped into categories and, when needed, into subcategories
through a content analysis [22]. In the content analysis, the
researchers adopted a systematic coding and categorizing
approach to textual information extracted from the studies to
merge patterns, and structure them into main categories and
subcategories, by also reporting the frequency [23]. Two
researchers (JL and GR) independently performed the entire
process, and disagreements were resolved by a third researcher
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(AP). From the analysis of 362 extracted items used to assess
digital health competencies in the included studies, 4 main
categories emerged, namely, “Self-rated competencies,”
“Psychological and emotional aspects toward the use of digital
technologies,” “Use of digital technologies,” and “Knowledge
about digital technologies.” Then, the number of items used
across studies and the number of studies that assessed each
specific category of competence were counted. Furthermore,
tools used to assess the competencies in included studies were
summarized into their main features.

Results
Main Characteristics of Studies Identified
A total of 1304 studies were identified from literature searches,
of which 26 met the inclusion criteria (Figure 1). The majority
were cross-sectional studies, of which 11 [24-34] were
considered prevalence data studies, and 13 [35-47] as analytical
cross-sectional studies (Table 1). Among the remaining ones,
2 were experimental studies [48,49]. The studies included were
conducted over a wide range of years, from 1999 [25] to 2021
[27], and more than 65% (17/26) of them [26-28,32,33,
35,37,39,40,42,44] have been published in the last 5 years.
In total, 5 studies were conducted in the United States of
America [25,30,38,40,41], while the others were performed in
different European countries (eg, Germany [34,35] and Finland
[25,26]), and in low-income countries (eg, Malawi [48] and
Uganda [43]). In terms of the setting, 9 studies [32,33,36,
37,43-46,49] were conducted in hospitals. By contrast, the others
were performed in mixed settings (eg, acute care [26], local
health departments [25], and community [48]).
A total of 8 studies [26,32,36,38,41,42,47,49] involved nurses
and 7 [25,27,28,33,39,44,45] covered health care professionals,
while the others involved specific roles (eg, psychiatrists [40],
pharmacists [31], maternal and child professionals [30]; Tables
1 and 2). The sample size was variable across the studies,
ranging from 36 [30] to 5209 participants [39] with a variable
age range from 20 [36] to 68 years [27].

J Med Internet Res 2022 | vol. 24 | iss. 8 | e36414 | p.204
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Longhini et al

Table 1. Characteristics of included analytical cross-sectional and prevalence studies.
Study type and
reference

Country Study de- Setting(s)
sign

Sample and
profession;
age

Competencies assessed Definition provided of the
competencies assessed

Tools/data collection
method(s) and items

Analytical cross-sectional studies
Campbell
and McDowell
[38]

United
States

Descriptive

Do et al
[39]

Vietnam

Duffy et al
[40]

United
States

112 regisSelf-perceived computtered nurses; er literacy
35 (31.2%)
born in the
1960s

Computer literacy: “the
Gassert/McDowell
skills necessary for access- Computer Literacy Suring and using information, vey (15 items)
managing files, navigating
an operating system, and
using common applications,
such as word processing”
(source: “Background” section)

Cross sec- 12 hospitional
tals and 3
health centers

5209 HCPsa, eHealth literacy
905 (17.4%)
aged between 41
and 60 years

N/Ab

Cross sec- Mixed settional
tings

152 psychia- •
trists; 67 (44
%) aged between 50
and 64
(mean 56.9)
years
•

Comfort in using N/A
computers and
other electronic
devices for professional, personal,
and clinical aims
Computer use for
specific clinical
tasks

Elhadi et al Libya
[37]

Cross sec- Hospitals
tional

673 special- •
ists/senior
physicians,
•
physician
trainees; 442
(65.7%)
aged between 30
and 40 years

Using computer
ability
Awareness,
knowledge, attitude, and computer skills about
telemedicine

Gaumer et
al [41]

Cross sec- Mixed settional
tings

241 nurse
•
practitioners;
N/A

Use of information N/A
technology (general and for specific
function)
Benefits perceived
from using technology (caregiving,
time saving, patient safety)
Self-perceptions
about information
technology competence

United
States

Community hospital
(100 beds)

•

•

https://www.jmir.org/2022/8/e36414

XSL• FO
RenderX

•
•
•
•

eHEALSc questionnaire
[15] (8 items to measure consumers’ combined knowledge, comfort, and perceived
skills at finding, evaluating, and applying
eHealth information to
health problems)
Web-and-paper-based
survey (open- and
closed-ended questions)

Awareness: N/A
Knowledge: N/A
Attitude: N/A
Computer skills: level
of “information technology and computer
skills” (source: “Methods” section)

AKASd questionnaire
[27] (Awareness, 12
items; Knowledge, 11
items; Attitude, 11
items; information
technology/computer
skills, 13 items)

•

•
•

Questionnaire:
Use of information
technology (general: 1 item, specific
functions: N/A)
Perceived benefit,
3 items
Self-perceptions
about information
technology competence, 1 item
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Study type and
reference

Country Study de- Setting(s)
sign

Sample and
profession;
age

Gürdaş
Topkaya
and Kaya
[36]

Turkey

Cross sec- Hospitals
tional

688 nurses; Computer literacy and
293 (42.6%) attitudes toward computaged beers in health care
tween 20
and 29 years

Hennemann et al
[35]

Germany

Cross sec- Rehabilita- 149 particitional
tion facili- pants (nursties
es, psychologists, physical therapists, physicians, patient
administration, social
workers,
art/body/occupational
therapists,
nutritionists,
medical
technical assistants);
mean 44.35
(SD 11.27)
years

Kritsotakis
et al [42]

Greece

Cross sec- Secondary
tional
and primary generalcare hospitals
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Competencies assessed Definition provided of the
competencies assessed

•

•
•
•
•
•
•

Acceptance of
eHealth intervention and of online
aftercare
Information technology literacy
eHealth literacy
Performance expectancy
Effort expectancy
Internet anxiety
Knowledge of
eHealth interventions

200 nurses
eHealth literacy
and nursing
assistants; 70
(35%) aged
45-54 years

Tools/data collection
method(s) and items

Computer literacy: “briefly •
defined as the ability to use
a computer” as well as “the
ability to control [a] computer in achieving certain
•
goals,” “to use different
computer applications,” “to
comprehend [the] economic,
psychological and social effects of computer[s] on [the]
individual and society,” and
“to use [a] computer [for]
access to information, [for]
communication and [in the]
problem solution process”
(source: “Background” section)

Multicomponent
Assessment of
Computer Literacy, 24 items
Pre-test for Attitudes Towards
Computers in
Healthcare Assessment Scale version
2, 40 items

•

Acceptance (opera•
tionalized according to

•

the UTAUTe) “the intention to use eHealth
interventions for patients’ health promotion in work context,
and adoption of online
aftercare”
eHealth literacy: the
ability to find, evaluate, and utilize internetbased health information to health problems” (source for both: •
“Methods” section)
N/A for others

Self-administered
web-based questionnaire (acceptance, 4 items; information technology literacy, 1
item; performance
expectancy, 2
items; effort expectancy, 2 items;
internet anxiety, 2
items; knowledge
of eHealth interventions, 2 items)
eHEALS questionnaire [15] (8
items)

•

“The ability to find and as- eHEALS questionnaire
sess health-related informa- [15] (8 items)
tion online at the individual
level” (source: “Methods”
section)
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Study type and
reference
Olok et al
[43]

Longhini et al

Country Study de- Setting(s)
sign

Sample and
profession;
age

Competencies assessed Definition provided of the
competencies assessed

Tools/data collection
method(s) and items

Uganda

68 doctors;
33 (48.5%)
aged 31-40
years

•

Attitudes toward
eHealth

•

Level of ICTf use
and skills

Questionnaire: internal
consistence evaluated
(level of ICT use and
skills on the same 18
items—list of facilities
and tools; attitudes, 25
items divided into relative advantages, compatibility, complexity, trialability—not considered,
observability)

287 HCPs;
mean 30.09
(SD 5.025)
years

•

Internet use (types •
and frequency)
eHealth literacy

Cross sec- Hospitals
tional

Shiferaw
Ethiopia Cross sec- Hospital
and Mehari
tional
[44]

•

N/A

•

Tesfa et al
[45]

Ethiopia Cross sec- Teaching
tional
hospitals

Thapa et al Saudi
[46]
Arabia

Cross sec- Hospitals
tional

383 HCPs
•
(nurses, doctors, midwives, pharmacists, laboratory technicians); mean
28.3 (SD
•
3.37) years
•
•
•
•

Electronic health N/A
information resource utilization
(information
searching, technical skills) and purpose of use
Computer literacy
eHealth literacy
Awareness
Attitude
Motivational factors (perceived
usefulness and
use)

218 physi•
cians and
nurses; 61
(28%) aged •
between 31
and 35 years

Willingness to use •
digital health tools •
in patient care
Attitudes and selfefficacy toward
using digital
health tools
Digital health
tools use per•
ceived benefits
and costs

•

•
•

https://www.jmir.org/2022/8/e36414

XSL• FO
RenderX

Internet use: “Health
•
professionals’ practice
of using the Internet for •
browsing health-related
information to make
sound decisions”
eHealth literacy: “participants’ ability to locate and use credible
information from the
Internet” (source:
“Methods” section)

Internet use, 15
items
eHEALS questionnaire [15] (8
items)

•

Questionnaire
(purpose of use, 5
items; N/A for
others)
eHEALS questionnaire [15] (8
items)

•

Willingness: N/A
Self-efficacy: “The belief in one’s own ability to successfully perform various specific
actions related to the
use of digital tools in
patient care”
Attitude: “The perceived relevance/value
of different functions
of digital tools for active engagement of patients in their own
treatment/care”
Perceived benefits:
“Positive consequences
of using digital tools”
Perceived costs: “Potential psychological, financial, technological
and administrative burden” (source: “Methods” section)

Questionnaire (willingness, 1 item; self-efficacy, 12 items; attitude,
10 items; perceived
benefit and costs, 20
items)
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Study type and
reference

Country Study de- Setting(s)
sign

Vehko et al Finland
[47]

Cross sec- Hospitals,
tional
primary
care, private practice, social
care, and
others

Longhini et al

Sample and
profession;
age

Competencies assessed Definition provided of the
competencies assessed

3407 registered nurses;
mean age
46.2 (SD
10.99) years

Nurses’ informatics
•
competence: classification competence; e-care
competence; e-documentation competence;
ethics competence
•

•

•

Tools/data collection
method(s) and items

Classification compe- Questionnaire (16
tence: “Planning, imple- items)
mentation and evaluation of care needs, and
the use of the care process according to
Finnish Care Classification”
E-care competence:
“Use of eHealth tools
in tailoring patient
care”
E-documentation competence: “Electronic
recording of patient
data”
E-ethics competence:
“Competence in the
ethical and safe way to
use patient information
systems” (source:
“Methods” section)

Prevalence studies
Brady and
Knox [24]

Northern Ireland

Cross sec- N/A
tional

98 psychiSelf-rated computing
atric
skill levels
trainees/consultants (specialist registered, senior
house officers, staff
grades, consultants); age
N/A

N/A

Questionnaire (6 items)

Hollander United
and Martin States
[25]

Cross sec- 344 local
tional
health departments

Some of or
Staff internet use and
all public
resources used
health professional staff
working in
the local
health departments; age
N/A

N/A

Questionnaire (N/A)

Kirchberg
et al [34]

Cross sec- N/A
tional

93 physicians; 37
(40%) aged
between 30
and 45 years

Germany

https://www.jmir.org/2022/8/e36414

XSL• FO
RenderX

Level of knowledge of N/A
eHealth apps and data
safety; mobile phone
use; attitude toward
(evaluation) medical
apps for physician and
patient use; evaluation
of importance of medical app characteristics

Questionnaire (mobile
phone use, 4 items;
purpose of mobile
phone use, 9 items, level of knowledge of
eHealth apps and data
safety, 9 items; evaluation of medical apps for
physician use, list of 6
apps for patients and 5
apps for physicians;
evaluation of importance of medical app
characteristics, 7 items;
evaluation of importance of privately used
app characteristics, 7
items)
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Study type and
reference
Kleib and
Nagle [26]

Kocher et
al [27]

Country Study de- Setting(s)
sign

Sample and
profession;
age

Competencies assessed Definition provided of the
competencies assessed

Tools/data collection
method(s) and items

Canada

2844 nurses
(generalist
registered
nurses and
registered
psychiatric
nurses);
1257 (44%)
aged ≥50
years

Use of patient care
Developed framework
technology; self-perceived informatics
competencies (foundational ICT skills, information and knowledge
management, professional and regulatory
accountability, and use
of ICT in delivery of
patient care)

•

Cross sec- Acute care,
tional
community, other
settings

Switzer- Explanaland
tory sequential
mixed
method

Kujala et al Finland
[28]

RenderX

University
hospital, regional hospital,
rheumatology outpatient clinics

47 profeseHealth literacy (acsionals (regis- cess, understand, aptered nurses, praise, apply)
physiotherapists,
rheumatologists, occupational therapists, advanced practice nurses,
general practitioners,
psychologists, social
workers,
health policy); median
age 60 (IQR
50-68) years

Cross sec- Public
701 HCPs
tional
health orga- (nurses, sonization
cial workers,
physicians,
dentists,
ward secretaries, physiotherapists
and other
therapists,
instrument
or facility
care personnel, health
administration workers,
psychologists); mean
44.1 (SD
11.9) years

https://www.jmir.org/2022/8/e36414

XSL• FO
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Self-perceived eHealth
competencies; actual
patient guidance behaviors

•

•

Use of patient care
technology (1
item)
Self-perceived informatics competencies: Canadian
Nurse Informatics
Competence Assessment Scale (21
items)

eHealth literacy: “people’s knowledge, motivation and competence
to ‘access’, ‘understand’, ‘appraise’ and
‘apply’ health information from electronic
sources to address or
solve a health problem”
Access: “the ability to
seek, find and obtain
health information”
Understand: “the ability to comprehend information”
Appraise: “interpret
and evaluate information”
Apply: “the ability to
use health information
to make informed decisions” (source: “Background” section)

Questionnaire based on
previously validated instruments (access, 6
items; understand and
appraise, 5 items; apply, 9 items)

eHealth competence: “A
broad set of skills employing
ICT and eHealth services,
information management,
multi-channel health coaching, patient communication,
development and implementation” (source: “Background” section)

Questionnaire (self-perceived eHealth competencies, 9 items; actual
patient guidance behaviors, 4 items)

•
•
•
•
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Study type and
reference

Country Study de- Setting(s)
sign

Sample and
profession;
age

MacLure
and Stewart [29]

Scotland

Cross sec- Communitional
ty and hospital pharmacies

94 particiSelf-reported digital litpants (phar- eracy
macists,
reregistration pharmacy graduates,
pharmacy
technicians,
dispensing
assistants,
medicine
counter assistants); 34
(36.2%)
aged ≤29
years

The British Computer Soci- Self-reported digital litety defines digital literacy
eracy (1 item)
as “Being able to make use
of technologies to participate in and contribute to
modern social, cultural, political and economic life”. A
similar definition of digital
literacy is adopted in the
United States: “the ability to
use information and communication technologies to
find, evaluate, create, and
communicate information;
it requires both technical and
cognitive skills” (source:
“Background” section)

Polhamus
et al [30]

United
States

Cross sec- N/A
tional

36 maternal Beliefs in the value of
and child
and confidence in using
health profes- technology
sionals; 82%
aged ≥40
years

Beliefs in the value of tech- Questionnaire (beliefs,
nology: “the extent to which 3 items; confidence, 3
they agreed with a set of
items)
questions about the value of
a specific technology skill”
(source: “Methods” section)

Thomas
and Rutter
[31]

England Cross sec- Mixed settional
tings

386 pharmacists, 83
(21.5%)
aged between 50
and 59 years

van
Houwelingen et al
[32]

The
Netherlands

Cross sec- Hospitals
tional

1017 regis- Confidence in their
tered nurses; telehealth knowledge,
median age skills, and attitudes
41 (IQR 3053) years

Cross sec- Teaching
tional
hospitals

120 Health
professional
faculty
working; 57
(40%) aged
between 30
and 40 years

Zayapragas- India
sarazan
and Kumar
[33]

a

Longhini et al
Competencies assessed Definition provided of the
competencies assessed

Confidence in basic
N/A
computer skills and use
of key software applications

N/A

Using computer ability; N/A
awareness, knowledge,
attitude, and computer
skills about
telemedicine

Tools/data collection
method(s) and items

Questionnaire (16
items)

Questionnaire (31
items)

AKAS questionnaire
[27] (awareness, 12
items; knowledge, 11
items; attitude, 11
items; information
technology and computer skills, 13 items)

HCP: health care professional.

b

N/A: not available.

c

eHEALS: eHealth Literacy Scale.

d

AKAS: Awareness, Knowledge, Attitude, Skills.

e

UTAUT: Unified Theory of Acceptance and Use of Technology.

f

ICT: information and communications technology.
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Table 2. Characteristics of included randomized controlled trial studies.
Reference

Country Study design

Setting

Sample and profession; age

Jouparinejad
et al [49]

Iran

Hospitals

60 nurses; 26
•
(43.3%) aged between 30 and 40
years

Interventional
study

Competence(s) assessed and
definitions

•

•

Mastellos et al Malawi
[48]

a

Randomized
Community
controlled trial

40 community
•
health professionals; 23/39 (49%)
aged ≥40 years

Intervention

Tools/data collection method(s)

Nursing informatics competencies: Computer literacy:
“The psychomotor skills to
use computer tools, and
knowledge of basic hardware and software functionality”
Informatics literacy: “Nurses’ abilities to recognize,
retrieve, evaluate and use
information for patient care
appropriately”
Information management
skills: “apply the data to
support clinical decisions,
documentation, data integrity, confidentiality and security” (source: “Methods”
section)

Three-day
workshop with
theory and practice to develop
nursing informatics competencies

Questionnaires:
Adapted Nursing
Informatics Competence Assessment Tool (30
items): computer
literacy (10
items), informatics literacy (13
items), information management
skills (7 items)

Self-rated ICTa knowledge;
attitudes toward using computers, tablets, and smartphones

3-week blended
learning “Introduction to ICT
and eHealth”
course (intervention) versus traditional course
(control) on
same contents

Questionnaire including 10 items
to assess self-rated ICT knowledge, and 10
items to assess attitudes

ICT: information and communications technology.

Quality Assessment
The methodological quality was high in 5 analytical
cross-sectional studies [35,39,42,46,47] (out of 12; Multimedia
Appendix 3), in 1 prevalence study [26] (out of 11; Multimedia
Appendix 4), and in 1 randomized control trial study [48] (out
of 2; Multimedia Appendix 5). A total of 3 cross-sectional
[38,41,43] and 7 prevalence studies [24,25,28-30,33,34] reported
a low methodological quality. Among the former, no
confounding factors were identified. By contrast, for all studies,
the “Not applicable” option was assigned to the item regarding
the use of “objective, standard criteria used for measurement
of the condition.” Among the prevalence data studies, the most
unclear item (10/11 studies) was regarding the adequacy of the
sample size. By contrast, the item most often scored as “No”
(5/11 studies) was the sample description.

Digital Health Competencies Investigated
As many as 13/26 studies [27-30,35-38,42,44,46,47,49] reported
the definitions of the concept assessed, which were retrieved
from the “Methods” section in 8 studies [30,35,37,42,44,
46,47,49].
As summarized in Table 3, “Self-rated competencies” were
assessed with 140 items grouped into 4 subcategories. “Digital
literacy” emerged as the first subcategory in terms of frequency
(59 items, 14 studies) and included items used to assess the
self-perceived level of competence in using technology without
a specific health goal (eg, in using tablets and mobile phones
https://www.jmir.org/2022/8/e36414

XSL• FO
RenderX

[43], apps [24], the internet [48], digital cameras [43], and
computer literacy [45]). The second was the “eHealth literacy”
subcategory, which included the 40 items provided by the 8-item
eHealth Literacy Scale (eHEALS) [15] adopted by 5 studies
[35,39,42,44,45]. Then, “Patient-oriented competencies” (21
items, 4 studies) included items aimed at assessing the ability,
for example, to train and advise patients about technology [32],
suitable websites [44], and apps [27], to create confidentiality,
to maintain an ethical attitude and convey empathy through
videoconferencing [28,32], and to assess the needs of patients
regarding telehealth [32]. Lastly, the “Process of care-oriented
competencies” subcategory (20 items, 11 studies) included those
items assessing the level of competence in retrieving, evaluating,
and applying online information, as well as in using eHealth
tools to inform the decision-making process in patient care
[26,47,49].
The second category, “Psychological and emotional aspects
toward digital technologies,” was assessed with 110 items by
18 studies. The first subcategory, “Attitudes and beliefs” (82
items, 14 studies), included items assessing attitudes regarding
the perceived benefits of the care delivered to and for patients
(eg, quality of care and opportunity for self-care [46]); the work
benefits perceived (eg, saving [41] and easy access to data [28]);
the complexity [43]; the importance, value [28,30], and the
feasibility in work [43] of using digital technologies and
telemedicine [33,37]. Then, in the second subcategory,
“Confidence” (21 items, 6 studies), most items were aimed at
assessing the confidence in performing specific activities such
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as “searching the internet” [31] or “monitoring the patients’
health data using mobile apps” [46]. Finally, in the “Awareness”
subcategory (7 studies, 4 items), items assessing the general
level of awareness of telemedicine or health information
resources and awareness meant as observability were included
(eg, to observe the high use of information and communication
technology in the workplace [43]).
The third category, “Use of digital technologies” (98 items, 13
studies), included the subcategory “General use of digital
technologies” (51 items, 9 studies), which was adopted to
investigate the extent to which health care professionals applied
the digital technologies in general, for example, the use of

Longhini et al
computers, printers, the internet, email, and the “Use of digital
technologies for specific functions” (47 items, 7 studies) for
investigating specific functions as, for example, in documenting
care [41], communicating with patients [40], or for research
purposes [45].
Lastly, the fourth category, “Knowledge about digital
technologies” (14 items, 5 studies), included items aimed at
assessing knowledge regarding, for example, telemedicine [37],
technical aspects [34], data protection and privacy requirements
[32], security, and appropriateness of communication application
(eg, WhatsApp, medCrowd) [34].

Table 3. Investigated areas of digital health competencies.
Category and subcategories

Item examples and references

Self-rated competencies

Studies, n

140

19

Digital literacy

•
•

Self-rated level of computer skill on the application PowerPoint [43]
Level of skills in using body scanner [43]

59

14

eHealth literacy

•

8-item eHEALSa tool [15]

40

5

Patient-oriented competencies

•

“Can put patients at ease when they feel insecure about using technology?” 21
[32]
“Do you recommend apps to your patients that support them in a healthy
lifestyle?” [28]

4

“Can combine my nursing knowledge and experience effectively when using 20
telehealth technology and decision-making” [32]
“I am able to recognize (at a distance) the needs of the patient and determine
the care situation” [32]

11

•

Process of care-oriented competen- •
cies
•

Psychological and emotional aspects
toward the use of digital technologies
Attitudes and Beliefs

•
•
•

Confidence

Awareness

•

“I believe that using ICTb is cumbersome” [43]
“Using ICT is compatible with all aspects of my work” [43]
“Be a better caregiver by using information technology” [41]

General use of digital technologies

110

18

82

14

6

•

“I believe I would be able to use a computer or mobile app to provide patient 21
care” [48]
“Confidence using the Internet logging on” [31]

•
•

“Awareness of telemedicine” [37]
“ICT is very visible in the hospital where I work” [43]

7

4

98

13

“Do you use and own a mobile phone?” [34]
“If you use the internet, how frequently do you use it?” [44]

51

9

“Do you use the Internet regularly for medical/professional updates?” [44]
Using a computer for a specific clinical task: “Access online patient educational materials” [40]

47

7

“Is it appropriate to use common email for professional communication in 14
health systems?” [34]
“Do you think a legal obligation for external certification of medical apps is
required?” [34]

5

Use of digital technologies
•
•

Use of digital technologies for spe- •
cific functions
•

Knowledge about digital technologies •
•

a

Items, n
(n=362)

eHEALS: eHealth Literacy Scale.

b

ICT: information and communications technology.
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Tools Used to Assess Digital Health Competencies
In 9/26 studies [26,35-39,42,44,45], previously developed and
validated tools were adopted to self-assess the competencies,
with 5 studies [35,39,42,44,45] reporting the use of the
e-HEALS tool [15], while the remaining used the
Gassert/McDowell Computer Literacy Survey [38], the Canadian
Nurse Informatics Competency Assessment Scale [26], the
Awareness, Knowledge, Attitude, Skills tool [37], the
Multicomponent Assessment of Computer Literacy, and the
Pre-test for Attitudes Towards Computers in Healthcare
Assessment tools [36]. The authors of the other studies
developed ad hoc questionnaires, using 1 (eg, [32]) or multiple
(eg, [49]) questionnaires with the number of items ranging from
1 [29] to 47 [33], mainly including several general dimensions
(eg, Awareness, Self-efficacy, Attitudes) [32,33]. In most
studies, tools were described in detail by reporting the
dimensions of competencies under evaluation and the number
of items; only in a few studies was the description poor (eg,
[25]; Tables 1 and 2).

Discussion
The discussion has been developed under 2 main lines: around
the principal findings emerged and the comparison of evidence
emerged with available studies, by including in each the future
directions recommended for both practice and research in this
field.

Principal Findings
Despite the increased relevance of digital health competencies
among health care professionals [50], in the last 20 years, only
a few studies have been published, slightly more than 1 per
year, with an increase in the last 5 years. Moreover, although
there is an urgent need to equip health care professionals with
appropriate competencies given the progressive digitalization
[1], most studies available to date are cross sectional or
prevalence in design and only 2 are experimental studies. In
addition, a few studies have been conducted with high
methodological quality, suggesting improvements in this
research field.
Studies available have been conducted in developed (eg, United
States, Europe) and developing (eg, Uganda) countries where
different health digital transformations are in place. Therefore,
our findings may help policymakers and educators to set
competencies according to the stage of digitalization experienced
regarding the infrastructures available. However, roughly half
of the studies have been focused on hospitals, whereas the
community settings and districts have been involved to a lesser
extent despite their increased need to implement digitalization
with competent health care professionals to address emerging
inequalities and issues in terms of health care accessibility [51].
Moreover, studies have more often involved nurses, doctors, or
mixed samples of health care professionals, suggesting that all
health care profiles have been involved to date, albeit to a
limited extend for some (eg, physiotherapists [8]). Given the
progressive and expansive permeation of digitalization in the
health care sector, all health care professionals should be
involved in the assessment of digital health competencies aimed
at tailoring educational strategies. Meriting attention is the
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variable age of participants involved in the studies, from new
graduates to mature health care professionals close to retirement.
The new generations, also called the “digital native generation”
[52], have more attitudes toward digitalization [53], and this
suggests the need to deepen this area of study by investigating
in future studies specific digital health competencies, despite
including other elements such as attitudes (eg, using a computer)
that might be relevant only among mature health care
professionals.
At the overall level, only half of the studies
[27-30,35-38,42,44,46,47,49] reported the definitions of the
competencies assessed, and these have been reported mainly in
the “Methods” and “Background” sections.
This finding suggests that future studies should be strengthened
in their conceptualization and grounded in their development
on clear conceptual frameworks and definitions.
Four main categories of investigated areas regarding digital
health competencies have emerged, along with 9 subcategories.
The area most investigated to date is self-rated competencies,
in line with available literature [4,9,10]. In particular, this area
includes, among the others, competencies aimed at solving
patients’ health or care plan issues. This point suggests an
interest among the scientific community in investigating these
competencies from innovative perspectives. Training, advising,
and supporting patients in the appropriate and confident use of
technologies and information retrieved from different ICTs,
social media, and internet sources are crucial [54], as also
underlined by the framework recently developed by a
consortium of multiple European countries [14]. The interest
in investigating psychological and emotional aspects of the use
of digital technologies has grown increasingly over the years,
being assessed in 18 studies. The perceived usefulness for
smoothing the care processes, improving its quality and patient
satisfaction, and understanding health conditions and the
adherence to treatments are crucial elements. Attitudes,
acceptance, and confidence [8,12] in using digital technologies,
such as electronic prescriptions, remote monitoring, and
electronic databases, have demonstrated a positive effect on
care processes and patients’ outcomes [2].
A limited number of studies have investigated the use of and
the knowledge regarding digital technologies. However, a review
of frameworks on digital health competence identified these
topics in almost 60% of them [5], suggesting an evident need
to promote the awareness of these issues in future research,
given the increasing threats to data safety from illegal hacking
[55].
A lack of validated tools to measure digital health competencies
has emerged. One-third of studies have used a validated tool,
the eHEALS of Norman and Skinner [15], although it was
developed for patients, thus requiring a specific validation
process and adaptation in the field of health care professionals.
Moreover, a propensity to develop ad hoc instruments rather
than using those already validated has emerged. The reasons
for this may rely on the limitations perceived by those available,
as well as the rapid evolution of digital technologies and
instruments that may require a continuous updating of the
competencies to assess. Moreover, in all studies, the tools were
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intended to assess the perceptions of health care professions
rather than measuring their digital health competencies
objectively. Self-rated competencies might be useful while
educational needs are investigated; however, the actual
performance requires objective measurement systems that should
be developed in this field.

Comparison With Prior Work
Comparing the categories of competencies emerged in available
studies with frameworks established in this field might inform
the future directions in both educational practice and research.
At the overall level, similarities and divergences emerged. The
most common competence between previous frameworks [5,7]
and that emerged in our study included the technical skills and
the ability to manage and understand information retrieved from
technology, including the internet. Psychological and emotional
aspects were also highly investigated [4,10,12,14] among the
studies included in this review in line with Norgaard and
colleagues’ [7] eHLF for eHealth users. The engagement, the
ability to take responsibility, the perception of feeling safe, and
motivation were part of the framework as elements expressing
the interaction between the person and the system [7]. Therefore,
a debate on how these aspects may influence the digital health
competence among health care professionals as well as how to
transform them into professional competencies to evaluate merits
further consideration.
A recent review indicated that most interventions that aimed to
improve the digital health competencies of health care
professionals focused on the capability rather than motivation
in using eHealth [56]. Interventions promoting digital health
competencies should also consider social and environmental
factors, foreseeing participatory approaches, to bolster also the
emotional and psychological factors toward the use of
technology [56]. On the other side, discrepancies emerged
regarding teaching, self-development, and learning abilities
[12]. The National Health Service (NHS) framework on digital
capability [12] embeds domains regarding the abilities, for
example, to use digital technologies for personal learning and
teaching others [12]. No similar elements emerged in our review.
Therefore, future research should focus on the measurement of
competencies regarding those aspects, while also considering
increased use of blended learning and massive online open
courses in continuing education [57].
As highlighted by a previous review [56], we also found that
the competencies investigated are still mainly focused on health
care professionals’ perspectives. However, increased attention
is required when considering the competencies to assess
patients’ needs, attitudes, barriers, facilitators, and potential
benefits of being trained by health care professionals in the safe
and appropriate use of technology and electronic information
for health issues [47]. Therefore, from a self-perceived
competence assessment mainly concerning general issues, efforts
should now be addressed at developing patient-centered digital
health care assessment tools capable of detecting all specific
competencies involved in the entire process.
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Strengths and Limitations
This systematic review has several limitations. First, despite
the accuracy of the process preventing the risk of publication
bias by screening 4 databases and the reference lists of the
included studies, as well as the trial registries [58], some studies
may have been missed given that we adopted the English
language filter and gray literature has not been searched.
Second, we adopted “digital health competencies” as an
umbrella term to refer to all concepts that emerged from the
literature. Although the use of all possible terms (eg, “digital
health literacy”) in the search string and the inclusion process
might have ensured inclusiveness, the summary provided under
the same umbrella term might have introduced some limitations.
Different aspects of digital health competencies, such as
confidence, self-efficacy, attitude, and beliefs regarding digital
technologies, have been considered relevant as affecting their
use and appropriate adoption in the health care sector. Therefore,
we included these elements as part of the umbrella term “digital
health competencies,” relying on the previous frameworks
including them [6,7]. This process has been considered a
strength of this review because of the consideration of the full
range of competencies as assessed in available studies. Third,
previous frameworks [5] mainly focused on the categorization
according to technical skills or functions (eg, safety management
or care coordination); the content analysis [22,23] performed
allowed to include all competencies as documented in retrieved
studies, not limiting them to just skills and behaviors. Therefore,
we valued also self-concepts, values, personal traits, and
motivation (eg, [43]) to map all factors involved. However, the
content analysis conducted to categorize the competencies that
emerged from included studies was performed by researchers
with different backgrounds (eg, nursing, physiotherapy).
Although carefully conducted and its reliability assessed with
the interreliability rate, their interpretations might have
influenced the final categorizations. Lastly, we have synthesized
studies originating from different countries, thus differences in
health care digitalization might affect the generalizability of the
conclusion drawn on future directions for research and training
of health care professionals. These should be targeted and
adapted according to the characteristic of the countries by
training health care professionals based on the technologies
available at a local level.

Conclusion
Digital health competence among health care professionals is
a new field of research that exploded in the last 5 years.
However, studies conducted to date are mainly descriptive and
have some methodological quality issues, suggesting lines of
improvement. Moreover, with the increased decentralization of
the health care sector, more studies are required in community
settings, involving a wide range of health care professionals to
assess the differences and commonalities in the competencies
possessed and tailor specific educational strategies. Furthermore,
with the increased size of the digital native generation among
health care workers, specific digital health competencies instead
of general ones should be investigated.
The different areas of competencies investigated to date might
be considered while designing curricula for undergraduate,
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postgraduate, and continuing education processes. From the
perspective of researchers, these competencies may drive the
development of competence assessment tools, given the lack
of validated instruments in this field, identifying more objective
measures in addition to those based on self-perception.
Furthermore, researchers should consider moving attention from
the self-rated technical competencies to those embodying a
patient-centered digital health care approach and related aspects
that might affect the use of digital technologies.

Longhini et al
In future frameworks and measurement tools, digital health
competencies should be considered as a multicomponent
competence, not limited to the technical skill, but rather
expanded toward elements that might affect them. As our review
showed, confidence, attitudes, beliefs, and awareness have been
studied with increasing interest, suggesting the need to explore
the relationships between different elements and understand
how to train health care professionals properly. Curricula
embedding the development of technical skills, knowledge, and
psychological and emotional aspects of digital technology are
recommended.
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Abstract
Background: Promoting health behaviors and preventing chronic diseases through a healthy lifestyle among those with a low
socioeconomic status (SES) remain major challenges. eHealth interventions are a promising approach to change unhealthy
behaviors in this target group.
Objective: This review aims to identify key components, barriers, and facilitators in the development, reach, use, evaluation,
and implementation of eHealth lifestyle interventions for people with a low SES. This review provides an overview for researchers
and eHealth developers, and can assist in the development of eHealth interventions for people with a low SES.
Methods: We performed a scoping review based on Arksey and O’Malley’s framework. A systematic search was conducted
on PubMed, MEDLINE (Ovid), Embase, Web of Science, and the Cochrane Library, using terms related to a combination of the
following key constructs: eHealth, lifestyle, low SES, development, reach, use, evaluation, and implementation. There were no
restrictions on the date of publication for articles retrieved upon searching the databases.
Results: The search identified 1323 studies, of which 42 met our inclusion criteria. An update of the search led to the inclusion
of 17 additional studies. eHealth lifestyle interventions for people with a low SES were often delivered via internet-based methods
(eg, websites, email, Facebook, and smartphone apps) and offline methods, such as texting. A minority of the interventions
combined eHealth lifestyle interventions with face-to-face or telephone coaching, or wearables (blended care). We identified the
use of different behavioral components (eg, social support) and technological components (eg, multimedia) in eHealth lifestyle
interventions. Facilitators in the development included iterative design, working with different disciplines, and resonating
intervention content with users. Facilitators for intervention reach were use of a personal approach and social network, reminders,
and self-monitoring. Nevertheless, barriers, such as technological challenges for developers and limited financial resources, may
https://www.jmir.org/2022/8/e34229
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hinder intervention development. Furthermore, passive recruitment was a barrier to intervention reach. Technical difficulties and
the use of self-monitoring devices were common barriers for users of eHealth interventions. Only limited data on barriers and
facilitators for intervention implementation and evaluation were available.
Conclusions: While we found large variations among studies regarding key intervention components, and barriers and facilitators,
certain factors may be beneficial in building and using eHealth interventions and reaching people with a low SES. Barriers and
facilitators offer promising elements that eHealth developers can use as a toolbox to connect eHealth with low SES individuals.
Our findings suggest that one-size-fits-all eHealth interventions may be less suitable for people with a low SES. Future research
should investigate how to customize eHealth lifestyle interventions to meet the needs of different low SES groups, and should
identify the components that enhance their reach, use, and effectiveness.
(J Med Internet Res 2022;24(8):e34229) doi:10.2196/34229
KEYWORDS
eHealth; lifestyle interventions; health behaviors; low socioeconomic status; intervention development; barriers; facilitators;
prevention; intervention evaluation

Introduction
Chronic diseases, such as cardiovascular disease and type 2
diabetes, accounted for 74% of deaths globally in 2019 [1].
These diseases are often preventable and treatable. Adopting a
healthy lifestyle, such as smoking cessation, increased physical
activity, a balanced diet, and decreased alcohol consumption,
can reduce the risk of developing a chronic disease [2].
Traditional lifestyle interventions have been shown to be
effective in helping people adopt a healthy lifestyle [3,4].
However, these interventions mostly focus on the general
population and often disregard vulnerable groups, such as those
with a low socioeconomic status (SES; people with a low
income or low education, or who are from deprived
neighborhoods). There is firm evidence that people with a low
SES often engage in more risky lifestyle behaviors and have an
increased risk for various chronic diseases and premature death
than those with a high SES [2,5-7]. Health inequalities for low
SES are associated with a reduced life expectancy of 5 to 10
years and a reduced disability-free life expectancy of 10 to 20
years [8]. Furthermore, it seems that low income and poverty
are more often associated with poorer mental health [9,10]. A
systematic review by Bull et al [11] found that when lifestyle
interventions focus on people with a low SES, most result in
small and variable effects [11]. These findings may be due to
designers not tailoring lifestyle interventions specifically to
people with a low SES or not taking into account their specific
characteristics and needs [12,13]. For instance, compared to the
general population, individuals with a low SES living in poverty
may focus more on coping with their current stressful everyday
life (ie, money-related stress and unfavorable work
environment). These stressors can lead to choosing unhealthy
coping strategies, such as tobacco smoking [14], which could
be detrimental to long-term health [14]. These challenges call
for a different approach to help this priority group adopt and
maintain a healthy lifestyle.
eHealth interventions could proactively support people with a
low SES to adopt lifestyle changes [15]. The use of the latest
information and communication technologies, such as websites,
smartphones, email, text messaging, tablets, and smartwatches
[16], offers health professionals and researchers more options
to tailor intervention content to the specific needs and
https://www.jmir.org/2022/8/e34229
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characteristics of the user [17]. Furthermore, eHealth
interventions can provide users with the information, skills, and
resources needed for a positive lifestyle change efficiently and
interactively [18]. Health practitioners can reach diverse
populations more easily with these interventions than with
traditional interventions [18]. eHealth interventions can be
supported by video or audio and delivered in an accessible
manner to patients for use in their own time and home
environment [19]. However, current eHealth interventions
require users to have good digital skills and a high literacy level,
which are often lacking in low SES groups. Moreover, such
interventions must consider their different life situations, health
care needs, and eHealth expectations [20]. When eHealth
interventions do not consider the needs of this target group,
intervention uptake can hinder and reinforce the inequitable use
of eHealth, exacerbating health inequalities [21,22].
Studies have shown promising results for eHealth among people
with a low SES [23]. For instance, Brown et al [23] showed
that their eHealth lifestyle intervention for low SES individuals
yielded small but significant changes in behavior. Hayba et al
[24] suggested that even modestly effective interventions,
sustainably deployed to target vulnerable groups (eg, low SES
groups), would add value to the field of public health. Even
though there is a growing body of research on eHealth lifestyle
interventions for this vulnerable group, there is a lack of insight
into how eHealth interventions are currently developed, used,
and implemented for people with a low SES. Recently, there
has been an increased focus on the specific needs and
characteristics of low SES groups to bridge this digital divide.
For example, the World Health Organization’s digital
intervention guidelines for eHealth usage to improve patient
care devoted special attention to the needs, preferences, and
circumstances of vulnerable groups, such as people with low
(digital) literacy skills [25]. However, current guidelines fall
short for researchers and developers who want to develop
eHealth lifestyle interventions tailored to people with a low
SES. Therefore, this scoping review aims to identify intervention
components, barriers, and facilitators in the development, reach,
use, evaluation, and implementation of existing eHealth lifestyle
interventions for low SES populations.
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Methods
Scoping Review Methodology
We conducted a systematic scoping review from June to
September 2019. In July 2021, we updated the search following
the same procedures. There were no restrictions on the date of
publication for articles retrieved upon searching the databases.
Since the research area of eHealth lifestyle interventions for
low SES groups is still in its infancy, a scoping review method
was chosen because it is an appropriate methodology to map
key concepts and identify knowledge gaps. A scoping review
also offers the opportunity to review published literature with
different methodological designs. It further examines the
existing literature concerning the volume, nature, and
characteristics of the primary research [26]. We used Arksey
and O’Malley’s methodological framework as a guide for the
review [26].

Search Strategy and Eligibility Criteria
We defined the following 5 categories based on 2 frameworks
used for the development process of eHealth interventions:
development, reach, use, evaluation, and implementation
[27,28]. The first framework is the Center for eHealth Research
(CeHRes) roadmap, a framework for eHealth development,

Al-Dhahir et al
implementation, and evaluation that combines and uses aspects
from approaches like human-centered design, persuasive
technology, and business modeling [27]. The second framework
is RE-AIM (reach, effectiveness, adoption, implementation,
and maintenance), which describes the stages in intervention
development and implementation [28]. The categories
development, use, and evaluation were derived from the CeHRes
roadmap, and the categories reach and implementation were
derived from the RE-AIM framework.
After we defined the scope of the review, we developed a search
strategy together with an experienced librarian and domain
experts (Multimedia Appendix 1). We searched PubMed,
MEDLINE (Ovid), Embase, Web of Science, and the Cochrane
Library, using a combination of the following key constructs:
eHealth, lifestyle (physical activity, nutrition, alcohol, smoking,
and sleep), low SES, and development, reach, use, evaluation,
and implementation. The definitions of these key constructs are
provided in Multimedia Appendix 2. These databases were
chosen because they cover a wide range of scientific articles on
eHealth. For each construct, several keywords (spelling
variations and synonyms) were used. Exclusion and inclusion
criteria were defined based on relevant literature and in
consultation with domain experts, after which relevant studies
were selected (Textbox 1).

Textbox 1. Inclusion and exclusion criteria for selecting the studies.
Inclusion criteria
•

Description of an eHealth/web-based intervention or mHealth/telemedicine intervention

•

Definition of socioeconomic status (SES) as the position of an individual on a socioeconomic scale that measures factors by a single variable,
such as education, income, or neighborhood status, or multiple variables

•

Focus on at least one lifestyle component (physical activity, diet, alcohol, smoking, sleep, or overweight)

•

Targeting of a low SES population (>18 years of age)

•

Presentation of information on development, use, reach, evaluation, or implementation

•

Publication of full text in English

•

Any study type (included study protocols)

Exclusion criteria
•

Measurement of SES using other variables (eg, race and ethnicity)

•

Conference abstracts and reviews presenting filtered information, such as systematic reviews, scoping reviews, and narrative reviews

Data Extraction and Analysis
The eligibility criteria were used to review the articles. Initially,
IA screened the titles and abstracts for the first selection of
articles. Then, IA checked the bibliographic reference lists of
publications that remained after full-text selection to identify
any additional eligible publications. Any doubt about the
included studies was discussed with the other authors. We
extracted general study characteristics (eg, the year of
publication and country), and details on SES, effectiveness,
development, reach, use, evaluation, and implementation. Data
were extracted as barriers or facilitators if they were related to
the development, reach, use, evaluation, or implementation
phases of the intervention and they were identified or mentioned
as facilitators or barriers by the included studies. Even if the
https://www.jmir.org/2022/8/e34229
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barriers and facilitators were mentioned in one of the included
studies, they were eligible for inclusion. If there were
uncertainties concerning under which phase the barriers and
facilitators fell, they were discussed with the other authors.
Furthermore, we selected additional categories based on the
CONSORT-EHEALTH checklist (V1.6), which provides helpful
guidance on what eHealth studies should report [29]. These
added categories were the (behavioral) theories or models used
to develop and evaluate an eHealth intervention. The categories
also included the level of human involvement in the intervention
(eg, automated or human guidance) during the development,
evaluation, and implementation (eg, health professionals and
researchers).
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The selected articles were mapped, and data were recorded in
Microsoft Excel (Multimedia Appendix 3). Data were
synthesized narratively, and the findings were then summarized
and grouped into themes as defined by the authors.
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Results
Study Selection
The systematic search across the databases revealed 2083
potentially relevant citations. After removing duplicates (n=765)
and screening 1323 titles and abstracts, 72 full-text articles were
screened for eligibility. Of these, 42 articles met the eligibility
criteria and were included in this review (Figure 1). The updated
search led to 17 articles that were included in this review.

Figure 1. Flow diagram of the article selection process.

Description of the Included Studies
The studies included were randomized controlled trials (RCTs)
[23,30-40], observational studies [41-56], and design studies
[57-77]. Several RCTs and observational studies evaluated
eHealth interventions on health outcomes (eg, BMI, blood
pressure, and hemoglobin A1c) [30, 34, 35-37, 40, 43, 45, 47,
48, 53, 78], nutrition-related behavior outcomes [32, 38, 39, 79,
80], physical activity–related outcomes, smoking-related
outcomes [23,31,46,51,81,82], usage outcomes [33,49,54], and
reach [44], as well as feasibility and acceptability outcomes
[47,80] (Multimedia Appendix 3). Design studies examined
recruitment [57], usability, feasibility [57-65], development, or
acceptability of eHealth interventions [58-60,64,65,67,68,70].
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The interventions were aimed at weight loss (n=9), physical
activity (n=9), healthy eating (n=11), smoking (n=13), and
alcohol use (n=2), and 17 interventions focused on multiple
behaviors. The target audience of these interventions was mainly
low SES participants; several studies also targeted a highly
educated population [31-33,36,44,53,82].
The different studies assessed the education level
[23,30-33,36,40,44,46,53-55,78,82], occupation [23,67], or
income level of the participants [43,45,48,51,73,74]. In addition,
the participants were recruited from a low SES neighborhood
(residents who were unemployed, had a low education, or had
a financial disadvantage) [60,64]. A summary of the study
characteristics is presented in Table 1.
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Table 1. Summary of the study characteristics (N=59).
First author, year

Study design

Target population

Type of eHealth technology

Aguilera [83], 2020

Protocol

Low incomea

App (and SMS text messaging)

Aldoory [71], 2016

Design

Low income

SMS text messaging

Athavale [72], 2016

Design (part of RCTb)

Low incomea

Web-based

Atkinson [66], 2009

Design

Low income

Web-based
a

Bond [65], 2021

Design

Low income

Web-based and SMS text messaging

Brown [23], 2014

RCT

Low SESc

Web-based

Griffin [48], 2020

Observational

Low income

SMS text messaging

Brunette [81], 2015

Quasiexperimental

Socioeconomically disadvantagedd Web-based (single session)

Burner [80], 2020

Quasiexperimental

Low incomea

SMS text messaging

Carolan-Olah [64], 2021

Design

Low SES neighborhoods

Web-based

Cavallo [47], 2021

Observational

Low income

Social media
a

Lepore [49], 2021

Observational (part of RCT)

Low income

App

Stanczyk [31], 2013

RCT

Low, middle, and high education

Web-based

Clarke [39], 2019

RCT

Low income

App

a

van Dijk [84], 2021

Protocol

Low SES

Brown [46], 2012

Observational

Low SESc

Web-based

Evans [62], 2019

Design

Low income

App

Flaherty [67], 2020

Design

Low SESe

App

Delrahim-Howlett [38], 2011 RCT

Low income

Web-based

Fontil [61], 2016

Design

Low income

Web-based

Garvin [73], 2019

Design

Low income

App

Golsteijn [85], 2017

Protocol

Low, middle, and high education

Web-based

Foley [37], 2016

RCT

Socioeconomically disadvantaged

SMS text messaging

Greene [54], 2021

Observational (secondary data analysis)

Low and middle educated

App

Cavallo [45], 2016

Observational

Low income

Web-based and social media

Tagai [50], 2020

Observational

Low income

SMS text messaging

Golsteijn [36], 2017

RCT

Low, middle, and high education

Web-based

Griffin [43], 2018

Observational

Low income

SMS text messaging

Kim [86], 2018

Nonrandomized design

Low incomea

Web-based

Kothari [68], 2020

Design

Low incomea

App

Leak [63], 2014

Design

Low incomea

Social media

Kendzor [51], 2020

Observational

Low income

App

van Dongen [44], 2012

Observational

Low, middle, and high education

Web-based (email)

Lohse [52], 2013

Observational

Low income

Social media

Mayberry [74], 2016

Design

Low income

SMS text messaging

Michie [55], 2012

Design and observational

Low SES

Web-based

Neuenschwander [79], 2013

Block equivalence randomized trial

Low income

Web-based

Pathak [75], 2021

Design

Low incomea

App (and SMS text messaging)

Patten [87], 2019

Nonrandomized design

Low income

SMS text messaging
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First author, year

Study design

Target population

Type of eHealth technology

Radhakrishnan [53], 2016

Design and observational

Low, middle, and high education

App (mobile device video game)

Herring [35], 2014

RCT

Low incomea

Web-based (social media) and mobile phone (text messaging)

Régnier [60], 2018

Design

Low SES neighborhoods

App

a

Ramirez [34], 2017

Pilot RCT

Low income

Text messaging or voice

Silfee [56], 2018

Design and observational

Low income

Web-based

Silfee [42], 2019

Observational

Low incomea

Web-based

Silk [41], 2008

Observational

Low income

Web-based vs games

Simons [58], 2018

Design

Lower education

App

Simons [40], 2018

RCT

Lower education

App

Spears [59], 2019

Design

Low SES

SMS text messaging

Schneider [33], 2012

RCT

Low, middle, and high education

Web-based

Stanczyk [82], 2014

Data from RCT

Low, middle, and high education

Web-based

Springvloet [32], 2015

RCT

Low, middle, and high education

Web-based

Stotz [76], 2018

Design

Low income

Web-based on smartphone
a

Tabak [77], 2018

Design

Low income

SMS text messaging

Lohse [57], 2013

Design

Low incomea

Social media

Wayne [30], 2015

RCT

Low SES

App

Wayne [78], 2014

Single arm

Low SES

App

Whittemore [70], 2020

Design

Low income

SMS text and MMS messaging

Yee [69], 2020

Design

Low incomea

SMS text messaging

Socioeconomic status was not specified in the study.

b

RCT: randomized controlled trial.

c

SES: socioeconomic status.

d

Low education, unemployment, or living in poverty.

e

Socioeconomic status was determined by the occupation and employment status of the household’s primary income earner.

Intervention Development and Evaluation
In the various stages of the development and evaluation of the
intervention (ie, problem definition, development, and
implementation for the study) [48,50,59,60,64,66,69,70,84],
several studies involved stakeholders, which included family
members, experts, key informants [50,61,69,75,84,86], health
professionals, and end users [48,54,64-66,68-70,73,75,83].
However, some studies provided little information on the
identification of stakeholders and did not clarify the level of
involvement
of
stakeholders
and
end
users
[37,44,50,56,66,70,78,79,81,83,87]. The studies used multiple
methods, such as interviews, focus groups, and user testing
[50,54,57,64-70,73,75,83], to gain insights from end users and
stakeholders. Researchers used focus groups to map the needs
and problems of the (potential) users [58,59,61,62,66,68,70,73]
and to gain input from stakeholders to adapt existing
interventions [61,70,77,86]. These methods also helped the
researchers to gain insight into the challenges that participants
experienced while using the intervention [65,73,86] and their
thoughts on the requirements of successful participation
[65,66,68,77,86]. Furthermore, other methods used the
https://www.jmir.org/2022/8/e34229
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Community Engagement Studio [74], a consumer panel [32],
and a collective discussion group [60]. The researchers used
these methods to improve the accessibility of the interventions
for the end users [60,74]. For the development phase, facilitators
and barriers were related to technology and content factors.
However, regarding the evaluation of the interventions, limited
facilitators and barriers were mentioned. Several studies adapted
existing interventions, which were developed and tested in
different SES groups with various health concerns, such as
diabetes, hypertension, mental disorders, and pregnancy
[38,45,47,49,56,57,61,70,72,77,79,81,85-87].
Studies adapted these interventions and the delivery modality
for use in different low SES groups. Nevertheless, many studies
retained most of the content and components of the existing
interventions [45,56,57,61,70,72,77,79,81,87]. Many studies
chose to adapt the content of the intervention and apply
linguistic and content simplification, such as using plain
language and low content load through the use of images and
videos [57,61,70,81,86,87]. Some studies also made cultural
adaptations by using updated cultural components [61,86],
translating the content into a second language (eg, Spanish),
and employing bilingual coaches [61,86]. Although intervention
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adaptation was common, documentation of the adjustment
process was scarce. Only 3 studies [70,77,85] described in detail
the adaptation process and what changes they performed.
Furthermore, 2 studies used frameworks (Stirman and the
intervention mapping protocol) [77,85], and 1 study [87] used
a model (Stage Model) to adapt the intervention.

Tailoring
The majority of the studies tailored the eHealth interventions
in various ways to the characteristics and skills of people with
a low SES [23, 31-37, 40, 45, 46, 50, 58, 61, 62, 64, 66, 69-72,
74-77, 81-86, 88]. One method of customizing the eHealth
intervention matched the content delivery (eg, visual or text
information) to the user’s language and digital literacy skills
[34,50,54,61,64,66,69,70,75,80,84,86]. Another method tailored
feedback, advice, and information to the characteristics (eg,
cultural adaptations and practical advice relevant to their
situation) of individuals with a low SES
[23,31,33,35-37,39,40,45-47,58,64,66,74,75,77,81-83,85] or
the timing and type of text messages (eg, feedback) [83].
However, it is unknown how tailoring was applied (technology
or human tailoring, or a combination of both methods). A few
studies based tailoring on theoretical models of behavioral
change [31-33,46,70] and gathered information through
questionnaires [31-33,36,40,47,55,58,62,66,85], self-monitoring
data [23,37,46,55,77,83], or intervention goals [32,74].
However, tailoring the intervention system to deliver feedback
or advice proved challenging as it required technological
expertise and financial recourses [33,40]. It is unclear whether
tailoring led to better results. Because of tailoring the feedback,
1 study showed that lower-educated smokers were more likely
to revisit the intervention website [82].

Reach

Al-Dhahir et al
limited details on the strategies they used to reach their
participants [35,38,39,62,79]. The recruitment strategies and
places are summarized in Table 2.
Different methods were found to be helpful to reach low SES
participants. Lohse et al [52] found that Facebook is an effective
tool to reach low-income women. Furthermore, the studies that
used a personal approach to recruit participants reported a higher
enrollment rate [61,82,86,87]. For example, Patten et al [87]
found that reaching the targeted population with a face-to-face
outreach method was more successful compared to recruitment
through flyers. Kim et al [86] found that personal or telephone
approaches to recruiting participants were responsible for most
of the enrollments in their study. Moreover, participants
indicated that they were more receptive to participating in a
study when their doctor had previously discussed it with them
[86]. Another study found that smokers recruited through general
practitioners were more likely to be lower educated and already
living with smoking-related illnesses than participants recruited
through the internet [82].
Some studies experienced challenges in reaching low SES
groups. These studies reached mainly medium or highly
educated [33,44] participants with stable incomes and relatively
healthy lifestyles [33]. van Dongen et al [44] indicated that
people with a low SES may be reached with the right strategies,
such as integrating an eHealth intervention into standard
midwifery care, increasing awareness about the intervention’s
existence by expanding mass media use, and involving key
community representatives of the target group. Additionally,
some studies recommended increasing the reach of lifestyle
interventions by collaborating with other experts, such as
designers and health professionals [44,61,62]. Tables 3 and 4
show the barriers and facilitators for reach found in the studies.

The included studies applied multiple strategies to recruit low
SES participants. However, some studies (n=5; 8%) provided
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Table 2. Participant recruitment, places, and strategies.
Recruitment characteristic

Number of studies

Individuals involved in recruitment
Health professionals [30,34,42,44,74,78,81-85].

11

Researchers [37,40,58,61,81] and research assistants [38,40,80]

8

Study coordinators [86], managers [40,41], organization staff [68], and agent assistance [48]

5

Paraprofessionals [63,79] and volunteers [60,66]

4

Snowballing (participants recruited other participants) [58,65,67,82]

4

Recruitment places
Health care setting [30,35,44,45,53,54,59,61,64,65,68,75,78,80,81,83-86]

19

Federal Benefit and Assistance Program for low-income women [38,42,49,50,56,72,73] and families [43,47,48,57,79]

12

Workplaces [40,77] and care services [34,60]

4

Local communities [59,66,68,71,87]

5

Food bank distributors [39,43,62]

3

Public health insurance [70]

1

Local nongovernmental organizations [51,60]

2

Public places [47,67]

2

Research agencies [31,71]

2

Recruitment strategies
Online [23,30,32,37,40,43,44,46,47,51,52,55,58,59,61,65,68,73,74,76-78,82,84-87]

27

Newspaper advertisements [33,85], banners [44], flyers, and posters [45,47,50,57,59,61,66,68,77,78,83,85,87]

16

Personal contact (face-to-face) [33,40,45,58,65,67,68,74,80,83] or via phone [51,66]

12

Postal invitation letters [32,37,57]

3

Local television campaigns [32,82]

2

Regional health authority [33]

1
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Table 3. Overview of facilitators identified in the eHealth interventions.
Facilitators per phase

Studies

Development
Iterative design of the intervention (user-centered approach)

[40,46,58,59,61,62,65,66,68,69,74-77,85]

Study staff collaborating with other experts or a digital health company

[53,54,61,62,65,69,88]

Broad number of data sources to inform development

[65,75]

Participants’ knowledge of technology

[60,65]

Providing devices

[39,51]

Concise and clear content

[54,56-59,61,63,64,66,69,70,75]

Use of visual and multimedia elements

[23,30,40,47,56,59,60,63-66,69,70,73]

Resonating content of the intervention with participants

[53,60,61,66,85]

Evaluation
Conducting formative evaluation in the early stage of the intervention

[40,41,46,55,58,61,62,65,66,68,70,74-76,85]

Reach
Recruitment through Facebook, and active recruitment through health care professionals and tailored [44,47,52,65,82,87]
recruitment strategies
Collaborating with other experts, such as designers and health professionals, and local community [44,61,62,66,75,76]
services
Use
Social support (friends, family, and peers)

[34,39,45,50,56,59,60,62,63,69,74]

Self-monitoring

[34,45,48,49,58,61,66,67]

Human coach can be helpful for participants

[30,47,49,50,56,57,87]

Practical advice to incorporate a healthy lifestyle in daily life

[54,56,58,60,63,64,66,73]

Reminders

[33,45,53,59,67,69]

Trust (eg, have a familiar face posting on a social media page) and credible information

[54,60,63,66,69]

Recipes and meal ideas may be useful

[47,54,66,69,73]

Helping participants with technology use

[57,61,66,86]

User friendliness and simplicity

[64,66,70,73]

Interactive features

[64-66,68,69]

Providing incentives and rewards (eg, virtual or financial rewards)

[35,48,53,58]

Links to more information

[64,66,69]

Combining social media with face-to-face group sessions

[47,56]

Networking with others encourages participants’ use of social media interventions

[56,63]

Activities must focus on pleasure and not obligation

[61,66]

Incorporating affordable options

[61]

Implementation
Supplying the intervention through different platforms

[36]

Increasing direct communication with the health coach

[61]

Training health care professionals

[70]

Collaborating with health insurance

[70]

Server support staff and marketing team continually monitoring the intervention for technical issues [76]
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Table 4. Overview of barriers identified in the eHealth interventions.
Barriers per phase

Studies

Development
Technical challenges with the intervention software or prototype

[53,58,60,62,70,71,78,86]

Amount of information or visuals

[40,56,59,63,66,68,85]

Limited financial resources for the intervention

[39,53,58,72]

Optimal frequency for reminders or messages

[33,59,68]

Evaluation
Evaluation is time-consuming

[62]

Slow iterations of the intervention in the academic field

[65]

Reach
Introductory study presentations and sending reminders to clinicians had a limited effect [86]
on increasing referrals
Passive recruitment (flyers)

[87]

Use
Technical difficulties using a self-monitoring device or eHealth intervention (eg, lack of [34,40,45,49-51,56,58,60,61,65,66,68,70,71,73,85]
internet access, problems with telephones, and poor signal)
Limited digital skills of users and lack of knowledge of innovative technologies

[34,60,61,65,66,86]

Not wanting extra push notifications and lost notifications among all the notifications
from other apps

[40,58,68]

Not allowed to carry a smartphone during work or does not carry a phone

[58,75]

Literacy and not mastering the language

[32,34,60,66,70]

Lack of time in a low SESa group

[34,45,49,54,56,60,61,68,69,73,78]

Financial problems (eg, paying bills)

[60,68,69]

Lack of familiarity with other participants before using social media and trust in social
media or the internet

[45,60]

Waning participant interest toward the end of the intervention period and low motivation [40,49,61]
Implementation

a

Limited time of staff or coaches

[39,53,74]

Limited financial resources

[39,72]

Difficulties getting medical data of participants from participating health care facilities

[86]

Limited ability of peer coaches

[72]

SES: socioeconomic status.

Use of eHealth Interventions
Most studies did not mention how the participants used the
eHealth lifestyle interventions. However, many studies gained
insight into the intervention usage by evaluating the concepts
of adherence, user engagement, and acceptance
[23,40,46,47,49,53,54,56,58,59,61,71,72,74,80,81]. Most of
the studies showed that participants with a low SES accepted
the eHealth interventions [40,46,47,53,54,56,58,71,74,80].
When there was high adherence, usage, and user engagement,
interventions seemed effective [23,81].
Several studies mentioned explicitly measuring intervention
usage with Google Analytics (eg, user interactions with content)
[40], log data [23,47,54,61], registration data [44], emails sent,
quiz questions accessed [44], questionnaires [39,40,44,64], or
https://www.jmir.org/2022/8/e34229
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self-monitoring questionnaires [39]. The data analysis
demonstrated that interventions were used as intended
[23,61,81]. However, Régnier et al [60] found that the
intervention was used to a less extent due to different barriers,
such as technical issues, lack of language skills, and searching
for real contact. In addition, Simons et al [40] reported decreased
use during the intervention because of lesser engagement with
the intervention. It also emerged that there was a difference
between users within the interventions [33,40,81]. For example,
in a study, it was found that the users who received notifications
with tips, facts, and feedback mostly used the intervention [40].
Using periodic email prompts significantly increased the reuse
of the intervention [33]. Schneider et al [33] concluded that it
is crucial to develop strategies that encourage engagement from
people with a low SES. Furthermore, hedonic elements (eg,
visual elements) in the intervention were significantly associated
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with increased use [54]. In another study, personal and nuisance
factors were associated with lower intervention use, including
lower educational achievement and perceived barriers (eg, no
time or interest and technical problems) [49]. Barriers and
facilitators for using the interventions were diverse and varied
in terms of individual and technological factors (Tables 3 and
4).
Other studies have analyzed adherence to interventions
[31,35,49,87] by measuring the numbers of messages sent by
participants, completion of coach calls [35,87], or intention to
visit or revisit the intervention, or using specific features of the
intervention, self-monitoring data, and days that participants
used the intervention [31,49]. Adherence to the intervention
decreased gradually in certain studies [35,49]. Griffin et al [48]
showed that noncompleters of the intervention had certain
characteristics (were younger, were African American, had a
high BMI, had a lower education [high school or lower], and
had a low income) when compared with participants who
completed the intervention. Engagement with interventions was
measured through the self-management behavior of participants
[86], the tracking of their behavior via self-monitoring devices
[86], self-reporting [56,64], and the presence of several likes,
comments, and posts or messages assessed throughout the
intervention delivery [47,56,59,72,86], as well as by capturing
the frequency of user logins [86]. At the time when intervention
engagement was high in several studies [59,61,72], in other
studies, engagement decreased during the use of the intervention
[45,47,51,71]. In 1 study, participants were more engaged with
text messages than voice messages [34]. Another study showed
that participant contributions appeared to vary across time of
the day and day of the week (more active in the beginning part
of the week and during the middle of the day) [47].

Delivery Mode of the Intervention
There was a wide variation in the delivery mode of the
intervention. Table 1 provides an overview of the modes used
to deliver the intervention. The studies cited several reasons for
using a certain delivery mode. Using the internet
[23,31,33,42,44,45,55,56,61,63,66,79,81,86], smartphone apps
[58,60,73,75,78], or text messages [34,35,50,70,71,75] offers
many benefits. Internet-based [36,42,44,45,52,56,64,86] and
text-based [34,43,71,77,87] interventions are good channels for
reaching hard-to-reach groups and might be effective in
changing healthy behavior [32,34,44,47,48,50,54,59,66,70].
They also help to investigate new channels or to deliver
interventions to low SES individuals [33,45,47,53,56,57,74,79].
Finally, low SES individuals use the internet, which provides
the interventions an opportunity to reach this target group
[39,42,45,52,56-58,62,73,86].
Studies reporting on the effectiveness of the delivery mode
demonstrated no unequivocal results. Three studies showed that
a web-based intervention was more effective for low SES
participants [35,41,79] than non-eHealth interventions, such as
in-person counselling for low SES participants [79] and
game-based versions [41], and website users had deeper
knowledge and a higher intention to use the website henceforth
[41]. Another study [53] demonstrated that a gamified
intervention
significantly
improved
heart
failure
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self-management knowledge in low SES and high SES
participants. Participants with lower education levels and older
adults preferred a digital game to any other medium for
receiving information on self-management of heart failure. One
RCT reported no interaction effects between delivery strategy
(video versus text advice) and education level in terms of
message processing mechanisms and future use of a smoking
cessation intervention [82].

Implementation
Most studies did not adequately describe how their respective
eHealth lifestyle interventions were implemented, perhaps
because almost all the interventions were pilot projects and were
not implemented in practice after the study was completed. The
few barriers and facilitators that were identified are listed in
Tables 3 and 4.
Several studies reported that they collaborated with different
disciplines for implementation [55,61,70,72,77,85]. Golsteijn
et al [85] created a network of hospitals and radiotherapy
institutes to implement the intervention. However, their results
on implementation are unknown. Furthermore, it appears that
health professionals play an important role in the implementation
of interventions [70].
Very few studies discussed the cost of their eHealth
interventions. Limited finances and staff time presented several
challenges in implementing these interventions [39,72]. Tabak
et al [77] considered practicality and sustainability of the
intervention by choosing interventions that prevented higher
cost, for example, providing automatic feedback instead of
individualized feedback. Other examples include finding enough
coaches with the expertise to guide participants [72] and working
with their time constraints [74]. Studies that reported on how
they evaluated the implementation of their interventions were
scarce. However, 1 study [85] used intervention mapping to
develop an implementation plan. Two studies plan to evaluate
implementation in the future. Whittemore et al [70] aimed to
document an implementation analysis, and Foley et al [37]
aimed to evaluate implementation through the RE-AIM
framework.

Effectiveness
A number of studies (n=19) [23, 30, 32, 33, 34, 35, 36, 38, 39,
41, 43, 45, 46, 48, 50, 79-82] investigated the effectiveness of
interventions for smoking cessation [23,46,51,81], healthy eating
behaviors [32,39,79], alcohol [38,80], weight loss [35,37,45,47],
physical activity [34,36,40], and multiple lifestyle changes
[30,33,43,48,78]. Three studies [23,46,81] were effective in
achieving smoking cessation in the low SES group. Furthermore,
some studies reported significant improvements in eating
behaviors [32,39,43,79], reduction in weight [35,43,48], and
increase in physical activity [34,36,48]. Two RCTs showed that
interventions were more effective in high SES participants than
in low SES participants [32,36]. One study [32] found
educational differences in high-energy snack intake. In this
previous study, the plus group (environmental-level factors)
received information on the availability and location of healthy
food in the home environment and the prices of healthy food
products in the supermarkets that the participants usually shop
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at. The plus approach targeted higher-educated participants
more effectively than the basic approach, which was more
effective for lower-educated participants. The authors argued
that higher-educated participants understood and applied the
environmental-level information easier than the lower-educated
participants. The intervention as described by Golsteijn et al
[36] resulted in a significant improvement in self-reported
physical activity. However, the highly educated group initially
participated more on the web than their lower-educated peers.
In contrast to a study, they found minor effects in low SES
participants, but no effect in participants with a higher SES [23].
The authors stated that this is likely because the user testing of
the intervention was conducted exclusively with smokers with
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a low SES, which contributed to its effectiveness in the low
SES group.
Two studies [33,45] reported minor significant improvements
and modest effects on reuse of a healthy lifestyle program [33].
Other studies reported an insignificant effect [40] due to lower
user engagement and dropouts.

Intervention Components
Studies applied diverse components within the interventions.
For example, they employed visual and multimedia elements,
such as images, infographics, videos, and social support. To a
lesser extent, there was human or virtual coaching, and
incentives were used. Table 5 presents an overview of the
components in eHealth lifestyle interventions.

Table 5. Overview of the eHealth lifestyle intervention components (N=59).
Components

Studies, n (%)

Multimedia (images, infographs, and videos) [23,30,31,35-38,41,46,47,49,55-57,59-66,68,70,76,78,79,84-86]

30 (51)

Self-monitoring [23,30,34-37,40,43,45-49,51,56,58,60,61,65,67,70,76-78,83,84,85,86]

28 (47)

Tips [23,38-40,43-45,48,49,53,54,58,60-62,64,66,68,71,75-77,79,84-88]

28 (47)

Social support [33,34,36,37,40,43,45,47,49,53,55,58,61,62,67,69,71-74,77,84-87]

25 (42)

Reminders [23,30,32,33,36,37,40,45,46,48,49,51,53,55,58,59,65,67,69,78,84-86]

23 (39)

Rewards/incentives [32,34,35,38,41,45-48,50,51,53,56,64,68,73,74,76,79,80,83,87]

22 (37)

Coach [30,35,37,47,51,56,61,66,70,72,74,75,77,78,84-87]

18 (31)

Theoretical frameworks [23,31-34,37,43,46,48-50,55,64,69,70,73-76,80,81,83,85]

23 (39)

Theoretical Frameworks
Several studies (n=23, 39%) stated that they used one or more
theoretical
frameworks
in
their
interventions
[23,31-34,37,43,46,48-50,55,64,69,70,73-76,80,81,83,85]. The
frameworks most commonly used were the social cognitive
theory [34,37,43,48,64,70,73,85], I-Change Model [31,33,85],
and theory of planned behavior [32,81,85], followed by the
Health Belief Model [69,76,85], theories of self-regulation
[32,85], and Precaution Adoption Process Model [32,85].
However, several studies mentioned using the Techniques of
Behavior Change [23,45,46,67,77]; the theories for the rest of
the studies can be found in Multimedia Appendix 3. Few studies
used the frameworks to develop, adapt, evaluate, or implement
the eHealth interventions [37,56,76,79]. It is unclear whether
these theories were associated with desirable effects. Although
not all studies have reported why they chose the theories
[33,53,82], a few mentioned using the constructs or determinants
of the theories [32,37,43,81,85], due to their suitability and
available evidence [23,34,40,46,55,58,85]. Furthermore, it
appeared that some interventions included components, such
as self-monitoring, reminders, and social support based on
behavioral strategies or theoretical frameworks, to promote
lifestyle change or maintain healthy behaviors.

Multimedia and Visual Elements
Many studies included multimedia in their interventions, such
as videos [35, 36, 37, 61, 79, 85, 86] or images [23, 38, 40, 46,
53, 55, 59, 62, 63, 89]. Although it was unclear why studies
included these materials; some used videos [35-37,61,79,85,86]
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to introduce the intervention components [37,61], provide skills
training [37,79], give home exercise instructions [36,85], or
introduce the participants to their coach [86]. Other studies used
visual materials, such as images and videos, to increase
engagement [56,76]. Interventions applied images because of
their visual appeal and ease to recall [55], or to enhance learning
and motivate users to continue using the program [76]. There
was almost no mention of using graphic artists [62,76] or
photographers [76] to create illustrations for the interventions.
However, Evans et al [62] stated that selecting illustrations for
the app was challenging because matching the main text with
illustrations was not always easy and required more iterations
to meet the criteria. It was also challenging to find the right
graphic artist to design proper images based on the given
assignment. In 1 study [56], long videos resulted in lower
engagement with Facebook participants. Another qualitative
study [60] found that participants who experience language
barriers rely more on visual materials (ie, videos) than written
materials. However, a study reported that illustrations crowded
with visual details confused participants [62]. Another study
[63] highlighted that participants emphasized the importance
of photos and visual appeal. In the study by Silfee et al [56],
participants were more likely to read and comment on Facebook
posts containing messages with images. One study [40] made
it possible for the participants to see their daily steps via graphs.
Although participants appreciated graphs, they used them
significantly less at the end of the intervention due to decreased
interest and outdated graph data. Only 1 study chose audio to
increase the media on the website and facilitate relapse
prevention and coping [55].
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Social Support
Participants’ peers [35,45,47,56,61,63,86] or significant others
[34,72,74,87] provided social support, online or offline
[35,45,56,61,63,71,86]. Other studies only gave advice on how
people can get social support to help each other to adopt new
behaviors [40,59,70,85,88]. Three studies mentioned that
participants had positive experiences with the social support
provided by their significant others [34] or peers [47,56,71]
(they perceived a sense of community and social [71], emotional,
and instrumental support [34]) and that peers motivated them
[56]. For others, the ability to network and interact with peers
was an important reason to visit the social media of the
intervention [63]. However, it is difficult to determine whether
social support contributed to the increased effectiveness of some
interventions.
Several studies provided support through social media
[35,45,56,61,63,86]. Participants were part of an online social
network where they could, for example, discuss their goals
[61,86] and challenges [86], and offer each other social support
[35,47,61]. However, the studies identified different challenges
in supporting active participation in the social support
component, such as lack of a connection with other participants
before accessing the eHealth intervention, limited engagement
with other participants on social media [45,61], and not receiving
timely responses from other participants [63]. Furthermore, in
a qualitative study [61], participants experienced their level of
literacy as an obstacle to taking part in online discussions, while
in another study, posting about themselves made some
participants with low SES uncomfortable [56], and others did
not want to share their unsuccessful weight loss [56]. Involving
support persons in the intervention appears to be complicated;
some participants with low SES had no support person or did
not want to involve one [34,74]. Furthermore, Pathak et al [75]
showed that participants who had no family disliked messages
that alluded to family support, and the term was replaced by
loved ones (similar to familial relations). The interventions
[45,56,63] offered many solutions to encourage the use of social
support on social media, such as team-building exercises and
enlisting friends [45]. The majority of participants of a smoking
intervention relapsed, nonrelapsers reported significantly less
temptation to smoke, and the qualitative data showed that
nonrelapsers were able to manage temptation and reported
greater support [50].

Self-monitoring
Several studies used few self-monitoring devices, based on
emerging evidence or previous studies [37,85], such as
pedometers [34,43,45,56,61,85,86] and weight scales
[37,43,45,56,61,86]. Participants with a low SES monitored
their diets digitally [30,60], with a calorie-counting book [45],
or kept paper records [34,56]. Physical activity was also tracked
through Fitbit devices [40,58,77] and MyFitnessPal [56].
Participants entered self-monitoring data [30,43], or this was
done automatically [30,37,40,56,77,86]. Simons et al [40] found
that continuous engagement with a self-monitoring device was
challenging, due to participants not wearing the tracker or
forgetting to charge it. Few studies provided information about
the participants’ experiences, or why the studies chose
https://www.jmir.org/2022/8/e34229

XSL• FO
RenderX

Al-Dhahir et al
self-monitoring devices. However, some studies mentioned that
participants found self-monitoring devices easy [40,61] and
comfortable to use [40,58]. In 2 studies, participants struggled
to use tracking devices [34,56], while in another study,
participants desired digital apps for calorie counting [45]. It is
difficult to determine whether self-monitoring led to increased
effectiveness of the intervention. However, 1 study found that
food photo journaling improved dietary choices more than
having a health coach only [30].

Reminders
Sending reminders to participants was used by many studies;
however, it is unclear in some studies how they applied the
reminders in their interventions [32,45,53,71]. Two studies
applied reminders to improve the adoption of and adherence to
healthy behaviors [30,78] and to improve heart failure
self-management skills [53]. Other studies applied reminders
to encourage participants with low and high SES to visit or
revisit the intervention [32,33,86], to remind users about their
goals [58,85], and to remind users to submit their
self-monitoring information [37]. Reminders were often used
in the form of automatic emails [33,46,86,89], push messages
via smartphones [40,58,78,86], text messages via mobile phones
[37,59], and news updates [85]. The majority of studies did not
report on how the participants evaluated the reminders.
However, 2 studies showed that participants with a low SES
found reminders helpful [53,58]. Furthermore, 2 studies
indicated that participants had a greater need for reminders
[45,59]. Some interventions that employed reminders appeared
to be effective [32,33]. For example, in an RCT, reminders
increased revisits to the intervention [33].

Coaches
Several studies included a coaching component in the
intervention [30,35,37,47,51,56,61,66,70,72,74,75,77,78,84-87].
The coaches provided guidance mainly by telephone
[30,35,37,61,72,74,75,77,78,84,87], followed by face-to-face
counselling [30,37,61,74,78,87], text messages, email
[30,61,66,78], online counselling [36,49,56,85,86], or
combinations of these methods [30,37,61,78]. This was done
through health professionals [30,36,37,72,85], researchers
[51,56,74,75,77,87], parahealth professionals [49,72], and
automatic phone [37,72]. The roles of the coaches varied and
included guiding participants in setting goals [35,37], helping
to solve problems [85], and providing behavioral skills training
[37,56], and they also stimulated discussions on the online
platforms of the interventions [56,86]. Interactions with the
coaches varied from single, daily, or regular monthly contact
[30,35,37,56,72,77,87] to ad hoc, based on needs [85].
Some coaches were experienced in behavioral change methods
[30,35,37,56,76,78,87], and 3 coaches applied motivational
interviewing [37,72,87]. It is difficult to determine whether
coaching led to increased effectiveness of the intervention.
However in 3 studies, the coaching component seemed
promising [47,49,56]. The coaching component was positively
associated with intervention usage [49] or higher engagement
[47]. Furthermore, several studies reported that participants
with a low SES appreciated the coaches [56,61,74,87].
Moreover, in 1 study, after the coach stopped engaging on social
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media (eg, posting and commenting), intervention engagement
considerably decreased and passive engagement increased [56].

Incentives
Many studies [23, 32, 34, 35, 38, 41, 45, 52, 53, 56, 71, 76, 79,
87] offered participants incentives (eg, gift cards) [23, 32, 34,
35, 38, 41, 45, 52, 53, 56, 71, 76, 79, 87] for completing the
assessments [32,34,38,41,45,52,56,71,79,87] to improve
response rates [23,52], when submitting their saliva [35,87] or
sending their self-monitoring data [35]. Nonetheless, it is unclear
whether incentives delivered positive results. In fact,
Radhakrishnan et al [53] found that the rewards and incentives
offered in a game intervention did not match the real-time
behavior, while in another study, participants suggested a greater
frequency of incentives [45].

Tips
Providing practical information as tips was mentioned in several
studies [23, 38-40, 43-45, 48, 49, 53, 54, 58, 60-62, 64, 66, 68,
71, 75-77, 79, 84-88]. Various studies chose this practical
component based on theories [55,68,69,75]. Participants
appreciated tips or found it useful to receive practical solutions
as tips [54,56,58,66,68]. However, tips have to fit into the
socioeconomic and sociocultural realities of people with a low
SES [60,61,68]. It is unclear whether tips led to increased
effectiveness of the intervention. However, Greene et al [54]
found that intervention use was significantly higher among those
who found the “Tip of the Day” motivating.

Discussion
Principal Findings
This scoping review provides an overview of the most
commonly applied components in eHealth lifestyle interventions
(development, reach, use, evaluation, and implementation) for
people with a low SES. It also investigates the most common
barriers and facilitators for current eHealth lifestyle
interventions. The components that emerged can be classified
into behavioral components (such as basic theoretical
foundation, coaching, social support, reminders, self-monitoring,
and incentives) and technological components (such as visual
multimedia, reminders, and self-monitoring). Nevertheless, we
found considerable heterogeneity in components, barriers, and
facilitators, showing significant variation between studies.
Moreover, we believe that the majority of barriers and
facilitators for development and use are related to technology
(eg, technical difficulties) and environmental factors (eg,
financial resources of the intervention developers or target
group). However, there was limited reporting about the barriers
or facilitators within specific interventions, partly because many
authors did not always share the lessons learned within their
interventions. We should note that the barriers and facilitators
may not be generalizable across different lifestyle behaviors,
and few may apply to all SES groups and not only to eHealth
interventions for low SES groups.
The studies examined the effectiveness
interventions and showed promising but
They showed small effects of smoking
increased physical activity, and weight
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inconsistent results.
cessation, nutrition,
loss. These studies
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provided limited information about which components
contributed to the effectiveness of the intervention, making it
difficult to conclude why these interventions worked when
compared to those that were unsuccessful. This is in line with
the results of the systematic review by Kohl et al [90], which
found that effect sizes were small, variable, and unsustainable
in eHealth lifestyle interventions for different SES populations
and concluded that the efficacy of intervention elements were
unclear.

Different Delivery Methods
The results of this review suggest that eHealth lifestyle
interventions delivered via different delivery modes (ie,
websites, SMS text messages, or apps) or combined with
professional personal support seem to be accepted by people
with a low SES. However, it is still unclear which delivery
method is the most effective for this target group because each
delivery mode has its advantages. Danaher et al [91] and
Iribarren et al [92] suggested that interventions delivered via
text messages may be an attractive option as they are
inexpensive, suitable for most mobile phones, and require little
user effort. Conversely, interventions delivered via websites or
apps provide a visually pleasing option (ie, videos) for
communicating the information and make the intervention
interactive. However, it is crucial to consider the digital literacy
levels of people with a low SES when choosing the delivery
method of an intervention. Blended care (combination of
face-to-face services with eHealth) offers people with a low
SES timely guidance, which can promote engagement and
adherence to the intervention. Therefore, we suggest that
combinations of varied eHealth delivery modes and face-to-face
elements (ie, human coaching) could engage people with a low
SES successfully.

Reaching the Low SES Group
Overall, it was clear from the studies that it was difficult to
reach low SES individuals for participation in eHealth
interventions, which is typical for this group. Thus, a different
approach to reach this group is crucial. For example, studies
have been successful in reaching participants with active
recruiting strategies, such as face-to-face or personal contact
[31]. The personal approach may reduce the distance between
intervention staff and potential users, create a sense of security,
and increase engagement [93]. Long-term relationships build
trust between health professionals and patients, and such an
approach is needed to reach people with a low SES [93,94].
Moreover, with this rapport, individuals may perceive health
professionals as more credible, especially within ethnic
minorities [94]. Another promising strategy is collaboration
with the social network of people with a low SES (eg,
caregivers, relatives, and experts) [44]. Recent studies identified
the importance of using a personal approach and connecting via
existing networks (ie, community centers or ambassadors) to
successfully recruit low SES populations for lifestyle
interventions [20,93]. Furthermore, we found that social media
may achieve this goal since it has a broad reach, but the lack of
robust evidence makes it difficult to draw firm conclusions.
Social media may be particularly effective to reach young
people. However, reaching people with a low SES remains
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challenging as there is no clear reach strategy. A similar pattern
of results was obtained in the systematic review by Bonevski
et al [95], which found that proven strategies to reach socially
disadvantaged groups were rare. This highlights the importance
of tailoring reach strategies, both online and offline, to target
different types of groups (eg, young populations and ethnic
minorities) within the low SES population. Lessons can also be
drawn from traditional lifestyle interventions that provide insight
into reaching low SES groups [96].

First Phase of Intervention Design and Co-creation
We noted that few studies based their interventions on
behavioral theories. When behavioral theories were reported,
authors rarely elaborated on how they applied these theories.
These results seem to be consistent with other research that
found that behavioral theories were seldom applied in
interventions [88,97,98]. One possible explanation for this might
be that intervention components are developed with a practical
viewpoint in mind or a pre-existing belief in the benefit of these
components, since they have been used previously in effective
interventions [98] Alternatively, it may be that certain behavioral
theories were not found to be useful for the development of the
intervention at hand and were therefore not applied [99].
However, using theories in interventions has been indicated to
increase their effectiveness.
There are several issues to consider in the co-creation of eHealth
interventions, such as how and when stakeholders and users get
involved. In recent years, more attention has been paid to the
role of stakeholders (including users) in public interventions;
however, involving stakeholders (eg, people with a low SES
and health professionals) from the beginning is time-consuming
and expensive [32]. Follow-up research needs to explore the
best way to actively involve low SES individuals in developing
and evaluating interventions, as co-creating with end users
seems promising.

Implementation
The results of this review show that the development, evaluation,
and implementation of eHealth are difficult to distinguish from
each other and that the implementation of the intervention takes
place during its development. As advocated by Pieterse et al
[100], eHealth development and implementation should be
intertwined. Implementation should be accounted for from the
start of the development process; this is especially true for
people with a low SES, since their characteristics, such as low
digital skills, may hinder the interventions’ implementation
[61].
A shortage of resources is also known to impact implementation.
These findings are directly in line with previous findings. For
example, Lau et al [101] and Ross et al [102] found in their
reviews that available resources, including time, funding, and
staff, can be both barriers and facilitators in the implementation
of interventions.

Recommendation for Design and Research, and
Limitations
There are still unanswered questions in the development, reach,
use, evaluation, and implementation of eHealth interventions
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for a low SES population, as the research is in its infancy. Using
existing guidelines (eg, the CONSORT checklist) or other
frameworks could guide in reporting information
comprehensively and clearly [29]. For instance, use of the
behavior change technique taxonomy by Michie et al [89] can
help researchers to report on the behavioral theories and
techniques applied in the intervention. Furthermore, it is vital
to report more detailed information on how participants use the
components of eHealth interventions, which may help identify
elements that contribute to the effectiveness of eHealth
interventions. This information could be beneficial for future
studies and interventions as it can guide developers in the design
and implementation of effective eHealth interventions. Another
recommendation is to collaborate with researchers, developers,
and stakeholders (including users) in the development,
evaluation, and implementation of eHealth lifestyle
interventions, to fine-tune these to the target group’s needs and
requirements. Involving the social networks (eg, relatives and
peers) of low SES participants in eHealth lifestyle interventions
also seems promising. Research shows that engaging social
networks can support low SES participants who experience
problems with their digital skills [60]. It is therefore important
to investigate what role social networks should play within
eHealth lifestyle interventions. Finally, although many studies
advised making the content of eHealth interventions accessible
to people with low skills, clear recommendations for developers
and researchers on how eHealth interventions for low SES
populations can be developed, implemented, and evaluated were
lacking. Future research should focus on how we can devise
holistic eHealth guidelines that can assist developers and
researchers with the creation of eHealth interventions that take
the capabilities and requirements of this target group into
account.
This review is the first to focus on state-of-the-art available
knowledge about developing and evaluating eHealth lifestyle
interventions, and reaching people with a low SES to realize
behavioral change and improve health in these people. The
barriers and facilitators that we found offer promising elements
that eHealth developers can use as a toolbox to connect eHealth
with low SES target groups. Further research on the method of
using these tools is still needed. However, this review has some
limitations. First, we only included studies on eHealth
interventions that focused on lifestyle behaviors and excluded
studies on interventions aimed at other relevant areas for low
SES individuals (mental health, and medical, legal, and financial
issues). These interventions may provide additional insights.
Second, as the primary focus was to gain insight into how
eHealth lifestyle interventions are developed and evaluated for
low SES individuals, we did not assess the quality of the studies
and their results (ie, systematic review). Finally, we focused on
the low SES group in general and did not distinguish between
subgroups. Although ethnicity is not an indicator of SES, ethnic
minorities (eg, non-Western immigrants and African American
individuals) were often mentioned as prominent groups in the
studies. It is therefore important to consider the differences
within the low SES population, with the aim of not further
increasing health disparities.
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Conclusions
This scoping review provides an overview of the available
scientific knowledge on the behavioral and technological
components, barriers, and facilitators in the development,
evaluation, and implementation of eHealth lifestyle
interventions. Although eHealth intervention development is
diverse, contributing to the varying results in this review, certain
factors may be beneficial for building and using eHealth
interventions and reaching people with a low SES. Iterative
design of interventions, use of visual and multimedia elements,
and social support seem to be important facilitators for eHealth
interventions. Technical challenges using eHealth interventions,
lack of time in low SES groups, and limited resources appear
to be key barriers for eHealth interventions. Understanding these
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barriers and facilitators may generate insights into how to
optimize eHealth interventions for people with a low SES.
Developing eHealth interventions for people with a low SES
requires consideration of their specific needs and characteristics,
and the involvement of users. This may contribute to the use of
interventions and may facilitate their implementation.
Guidelines should be developed to aid stakeholders in
developing and evaluating eHealth interventions. Moreover,
high-quality studies are needed to investigate how eHealth
lifestyle interventions can be customized to meet the needs of
participants with a low SES. Future studies could benefit
significantly from detailed reporting on eHealth interventions
for this target group.
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Abstract
Background: The number of artificial intelligence (AI) studies in medicine has exponentially increased recently. However,
there is no clear quantification of the clinical benefits of implementing AI-assisted tools in patient care.
Objective: This study aims to systematically review all published randomized controlled trials (RCTs) of AI-assisted tools to
characterize their performance in clinical practice.
Methods: CINAHL, Cochrane Central, Embase, MEDLINE, and PubMed were searched to identify relevant RCTs published
up to July 2021 and comparing the performance of AI-assisted tools with conventional clinical management without AI assistance.
We evaluated the primary end points of each study to determine their clinical relevance. This systematic review was conducted
following the updated PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 guidelines.
Results: Among the 11,839 articles retrieved, only 39 (0.33%) RCTs were included. These RCTs were conducted in an
approximately equal distribution from North America, Europe, and Asia. AI-assisted tools were implemented in 13 different
clinical specialties. Most RCTs were published in the field of gastroenterology, with 15 studies on AI-assisted endoscopy. Most
RCTs studied biosignal-based AI-assisted tools, and a minority of RCTs studied AI-assisted tools drawn from clinical data. In
77% (30/39) of the RCTs, AI-assisted interventions outperformed usual clinical care, and clinically relevant outcomes improved
with AI-assisted intervention in 70% (21/30) of the studies. Small sample size and single-center design limited the generalizability
of these studies.
Conclusions: There is growing evidence supporting the implementation of AI-assisted tools in daily clinical practice; however,
the number of available RCTs is limited and heterogeneous. More RCTs of AI-assisted tools integrated into clinical practice are
needed to advance the role of AI in medicine.
Trial Registration: PROSPERO CRD42021286539; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=286539
(J Med Internet Res 2022;24(8):e37188) doi:10.2196/37188
KEYWORDS
artificial intelligence; randomized controlled trial; systematic review; clinical; gastroenterology; clinical informatics; mobile
phone
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Introduction
Background
Artificial intelligence (AI) was first described in the 1950s as
a theory of human intelligence being exhibited by machines,
including but not limited to learning, reasoning, and
problem-solving [1]. With an exponential increase of
computational power, reduced cost of data storage, improved
algorithmic sophistication, and increased availability of health
data from electronic health records, the era of AI has arrived in
different specialties of medicine [2-4]. AI-assisted tools have
been successfully applied in various clinical settings to assist
diagnosis [5], improve therapy [6], and predict risk of mortality
[7]. To date, 64 AI-powered medical devices and algorithms
have been approved by the Food and Drug Administration in
the United States [8].
The number of AI-related articles (using the Medical Subject
Headings term, “artificial intelligence” as the search keyword)
in the health care literature has increased dramatically from
6802 articles in 2016 to 21,160 in 2020. However, only a
minority of these are prospective clinical studies, and there are
few randomized controlled trials (RCTs). Several systematic
reviews have been conducted to summarize the performance of
recent AI-assisted tools in specific clinical settings, such as
AI-assisted adenoma detection during colonoscopy [9],
AI-assisted mammography in detecting breast cancer [10],
AI-assisted intracranial hemorrhage recognition on computed
tomography head imaging [11], AI-assisted glycemic control
for patients with diabetes, and AI-assisted diagnosis of diabetes
and its related complications [12]. A recent systematic review
examined all studies of AI application in clinical practice, but
was limited by restriction to English language and only
searching full manuscripts published between January 2010 and
May 2020 [13].

Objectives
To date, no systematic review has been restricted to RCTs
regarding the clinical performance of AI-assisted tools in
real-life practice. As RCTs represent the best clinical evidence
to examine the effects of an intervention while controlling for
unmeasured confounding factors, a comprehensive search of
all RCTs studying AI-assisted tools in clinical practice would
provide information regarding areas of opportunity for AI to
affect real-world patient care [14]. We conducted a systematic
review of all RCTs studying AI-assisted tools in clinical care.

Methods
Search Strategy
The systematic review was conducted following the updated
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) 2020 guidelines [15]. We comprehensively
searched CINAHL, Cochrane Central, Embase, MEDLINE,
and PubMed from inception to July 14, 2021, to identify RCTs
of AI-based tools across all medical specialties. Details of the
full search strategy are provided in Multimedia Appendix 1.
The search strategy included a combination of keywords and
standardized Medical Subject Headings terms: “Artificial
https://www.jmir.org/2022/8/e37188
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Intelligence,” “Deep Learning,” “Computer-Assisted Diagnosis,”
“Computer Assisted Diagnosis,” “Computational Intelligence,”
“Computer Reasoning,” “Computer Vision System,”
“Knowledge Acquisition,” “Knowledge Representation,”
“Machine Intelligence” or “Machine Learning” or “Transfer
Learning” or “Hierarchical Learning.” The search was limited
to RCTs. We also hand searched the references of the included
studies to identify additional studies of interest. To include as
many previous endeavors in this research area as possible, our
search was not limited to peer-reviewed information. Conference
abstracts and preprints were also included. The authors had no
funding source for this study. This study was registered on
PROSPERO (CRD42021286539).

Study Selection
After removing duplicates, two study authors (TYTL and
MFKC) independently screened the title, abstract, and full text
(if available) of each article to determine their eligibility.
Unresolved disagreements were resolved by consulting the
senior author (JJYS). Discrepancies were resolved by consensus.
The complete manuscript was downloaded if the study met the
inclusion criteria. We included studies that met the following
inclusion criteria: (1) application of AI-assisted tools in clinical
practice, which is defined as diagnosis, treatment, and
prognostication on medical conditions that are seen and managed
in daily clinical practice in hospitals or clinics. This does not
include cellular or tissue cultures, animal studies, or
experimental conditions such as induced cardiac arrhythmia
and metabolic abnormalities. We classified the tool as
AI-powered if the expressions, “artificial intelligence,” “AI,”
“machine learning,” “deep learning,” “deep neural network,”
and “neural network” were used to describe the tool within the
articles or other publicly available information resources; (2)
patients or health care providers must be involved; (3) study
design must be an RCT; and (4) control group must be without
AI assistance. The exclusion criteria were as follows: (1) studies
without implementation of clinical AI-assisted tools for patient
management; (2) studies that were not conducted as original
RCTs, for example, secondary analysis of a published RCT;
and (3) clinical outcome not clearly defined. Reasons for
exclusion were also recorded.

Data Extraction
After identifying relevant studies, the same two authors (TYTL
and MFKC) independently extracted the data from each included
study. Study design (racial information, sample size, RCT setting
and design, and AI intervention and control) and AI-assisted
tool characteristics (AI-assisted tool name, AI subtype, data
type, and training and validation data) were documented. If AI
development–related data were not available in the included
articles, previously published articles of the same AI-assisted
tool were reviewed to obtain the relevant information. Study
end points (performance metrics used in primary and secondary
end points) were listed. Clinically relevant end points were
defined as whether the AI-assisted tools led to subsequent
clinical interventions focusing on specific end points: (1) further
diagnostic workup and investigation of the medical conditions,
(2) changes in treatment strategy, (3) requirement of
hospitalization, (4) escalation of care to the intensive care unit,
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and (5) influence on survival and mortality. Two independent
researchers (TYTL and MFKC) resolved disagreements through
discussion. If there were unresolved disagreements, consultation
from senior author (JJYS) was sought.

Assessment of Risk of Bias
Risk of bias was assessed using the Cochrane risk-of-bias tool
for randomized trials [16]. We specifically assessed the risk of
bias of randomization process, deviations from intended
interventions, missing outcome data, measurement of the
outcome, and selection of the reported results. The overall risk
of bias was classified as low, some concerns, or high.

Lam et al

Results
Overview
The search performed on July 14, 2021, yielded 11,839 articles
(n=2232, 18.85% from MEDLINE; n=1406, 11.88% from
Embase; n=2264, 19.12% from PubMed; n=5229, 44.17% from
Cochrane Central; and n=708, 5.98% from CINAHL); of these,
6823 (57.63%) were screened after removal of duplicates
(n=5016, 42.37%). After screening the titles and abstracts, 6676
articles were excluded, because they did not fulfill the inclusion
criteria. A total of 147 full manuscripts were individually
assessed, of which 34 (23.1%) met the inclusion criteria. In
addition, 4 more articles were identified by examining the
references of the listed articles and manual searches (Figure 1).
A total of 39 articles were included in this systematic review
[6,17-54] as listed in Table 1.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.
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Table 1. Publications.
Author (publication year) Title

Country

Article type

Specialty

El Solh et al [17], 2009

Predicting optimal CPAP by neural network reduces titra- The United States Original article
tion failure: a randomized study

Respiratory medicine

Shimabukuro et al [18],
2017

Effect of a machine learning-based severe sepsis prediction The United States Original article
algorithm on patient survival and hospital length of stay:
a randomised clinical trial

Anesthesiology

Labovitz et al [6], 2017

Using artificial intelligence to reduce the risk of nonadher- The United States Original article
ence in patients on anticoagulation therapy

Neurology

Gracey et al [19], 2018

Improving medication adherence by better targeting inter- The United States Abstract
ventions using artificial intelligence-a randomized control
study

Family medicine

Liu et al [20], 2018

Evaluating the impact of an integrated computer-based
China
decision support with person-centered analytics for the
management of hypertension: a randomized controlled trial

Cardiology

Vennalaganti et al [21],
2018

Increased detection of Barrett’s esophagus–associated
neoplasia using wide-area trans-epithelial sampling: a
multicenter, prospective, randomized trial

Biester et al [22], 2019

DREAM5: An open-label, randomized, cross-over study Germany, Israel,
to evaluate the safety and efficacy of day and night closed- and Slovenia
loop control by comparing the MD-Logic automated insulin
delivery system to sensor augmented pump therapy in patients with type 1 diabetes at home

Original article

Endocrinology, diabetes, and metabolism

Pouska et al [23], 2019

The use of HPI (Hypotension probability indicator) during Czech Republic
major intracranial surgery; preliminary results of a
prospective randomized trial

Abstract

Anesthesiology

Lin et al [24], 2019

Diagnostic efficacy and therapeutic decision-making capac- China
ity of an artificial intelligence platform for childhood
cataracts in Eye Clinics: a multicenter randomized controlled trial

Original article

Ophthalmology

Kamdar et al [25], 2019

A randomized controlled trial of a novel artificial intelli- The United States Abstract
gence–based smartphone application to optimize the management of cancer-related pain

Clinical oncology

Persell et al [26], 2020

Effect of home blood pressure monitoring via a smartphone The United States Original article
hypertension coaching application or tracking application
on adults with uncontrolled hypertension: a randomized
clinical trial

Cardiology

Voss et al [27], 2019

Effect of wearable digital intervention for improving social- The United States Original article
ization in children with autism spectrum disorder: a randomized clinical trial

Psychiatry

Wang et al [28], 2019

Real-time automatic detection system increases colonoscop- China
ic polyp and adenoma detection rates: a prospective randomised controlled study

Original article

Gastroenterology and
hepatology

Wu et al [29], 2019

Randomised controlled trial of WISENSE, a real-time
China
quality improving system for monitoring blind spots during
esophagogastroduodenoscopy

Original article

Gastroenterology and
hepatology

Pavel et al [30], 2020

A machine-learning algorithm for neonatal seizure recog- Ireland, the
nition: a multicentre, randomised, controlled trial
Netherlands,
Sweden, and the
United Kingdom

Original article

Neurology

Alfonsi et al [31], 2020

Carbohydrate counting app using image recognition for
youth with type 1 diabetes: pilot randomized control trial

Canada

Original article

Endocrinology, diabetes, and metabolism

Auloge et al [32], 2020

Augmented reality and artificial intelligence–based naviga- France
tion during percutaneous vertebroplasty: a pilot randomised
clinical trial

Original article

Orthopedics and traumatology

Avari et al [33], 2020

Safety and feasibility of the PEPPER adaptive bolus advisor The United King- Original article
and safety system; a randomized control study
dom and Spain
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Country

Article type

Specialty

Chen et al [34], 2020

Comparing blind spots of unsedated ultrafine, sedated, and China
unsedated conventional gastroscopy with and without artificial intelligence: a prospective, single-blind, 3-parallelgroup, randomized, single-center trial

Original article

Gastroenterology and
hepatology

Gong et al [35], 2020

Detection of colorectal adenomas with a real-time comput- China
er-aided system (ENDOANGEL): a randomised controlled
study

Original article

Gastroenterology and
hepatology

Liu et al [36], 2020

The single-monitor trial: an embedded CADe system increased adenoma detection during colonoscopy: a
prospective randomized study

Original article

Gastroenterology and
hepatology

Nicolae et al [37], 2020

Conventional vs machine learning-based treatment planning Canada
in prostate brachytherapy: results of a phase I randomized
controlled trial

Original article

Clinical oncology

Repici et al [38], 2020

Efficacy of real-time computer-aided detection of colorectal Italy
neoplasia in a randomized trial

Original article

Gastroenterology and
hepatology

Su et al [39], 2020

Impact of a real-time automatic quality control system on
colorectal polyp and adenoma detection: a prospective
randomized controlled study (with videos)

China

Original article

Gastroenterology and
hepatology

Wang et al [40], 2020

Lower adenoma miss rate of computer-aided detection-as- China
sisted colonoscopy vs routine white-light colonoscopy in
a prospective tandem study

Original article

Gastroenterology and
hepatology

Wang et al [41], 2020

Effect of a deep-learning computer-aided detection system China
on adenoma detection during colonoscopy (CADe-DB trial): a double-blind randomised study

Original article

Gastroenterology and
hepatology

Wijnberge et al [42],
2020

Effect of a machine learning-derived early warning system The Netherlands
for intraoperative hypotension vs standard care on depth
and duration of intraoperative hypotension during elective
noncardiac surgery: the HYPE randomized clinical trial

Original article

Anesthesiology

Weisinger et al [43],
2021

Artificial intelligence-powered non-invasive and frequency- Israel
tuned electromagnetic field therapy improves upper extremity motor function in sub-acute stroke patients: a pilot randomized controlled trial

Abstract

Neurology

Blomberg et al [44],
2021

Effect of machine learning on dispatcher recognition of
out-of-hospital cardiac arrest during calls to emergency
medical services: a randomized clinical trial

Denmark

Original article

Emergency medicine

Browning et al [45],
2021

The clinical effectiveness of using a predictive algorithm
to guide antidepressant treatment in primary care (PReDicT): an open-label, randomised controlled trial

The United King- Original article
dom, Spain, Germany, France,
and the Netherlands

Jayakumar et al [46],
2021

Comparison of an artificial intelligence-enabled patient
The United States Original article
decision aid vs educational material on decision quality,
shared decision-making, patient experience, and functional
outcomes in adults with knee osteoarthritis: a randomized
clinical trial

Orthopedics and traumatology

Kamba et al [47], 2021

A multicentre randomized controlled trial to verify the re- Japan
ducibility of adenoma miss rate of colonoscopy assisted
with artificial intelligence–based software

Abstract

Gastroenterology and
hepatology

Luo et al [48], 2021

Artificial intelligence-assisted colonoscopy for detection
of colon polyps: a prospective, randomized cohort study

Original article

Gastroenterology and
hepatology

Rafferty et al [49], 2021

A novel mobile app (Heali) for disease treatment in partic- The United States Original article
ipants with irritable bowel syndrome: randomized controlled pilot trial

Gastroenterology and
hepatology

Repici et al [50], 2021

Artificial intelligence and colonoscopy experience: lessons Italy and Switzer- Original article
from two randomised trials
land

Gastroenterology and
hepatology
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Author (publication year) Title

Country

Strömblad et al [51],
2021

Effect of a predictive model on planned surgical duration
accuracy, patient wait time, and use of presurgical resources: a randomized clinical trial

The United States Original article

Surgery

Wu et al [52], 2021

Evaluating the effects of an artificial intelligence system
on endoscopy quality and preliminarily testing its performance on detecting early gastric cancer: a randomized
controlled trial

China

Gastroenterology and
hepatology

Yao et al [53], 2021

Artificial intelligence-enabled electrocardiograms for
identification of patients with low ejection fraction: a
pragmatic, randomized clinical trial

The United States Original article

Brown et al [54], 2021

Deep learning computer-aided polyp detection reduces
The United States Original article
adenoma miss rate: a US multi-center randomized tandem
colonoscopy study (CADeT-CS trial)

Study Characteristics
There were very few RCTs on AI-assisted medicine published
until 2017. There was 1 RCT published in 2009, and the
remaining 38 were published in the past 5 years (2 in 2017, 3
in 2018, 7 in 2019, 14 in 2020, and 12 in the first half of 2021;
Figure 2).
These RCTs were conducted across 16 countries in North
America, Europe, and Asia, with most of them conducted in

Article type

Original article

Specialty

Cardiology

Gastroenterology and
hepatology

the United States (13/39, 33%) and China (12/39, 31%).
Furthermore, 18% (7/39) of the RCTs were published as
conference abstracts only. Of these 39 publications, 16 (41%)
were related to gastroenterology, whereas other specialties
included anesthesiology (n=3, 7.7%), cardiology (n=3, 7.7%),
endocrinology (n=3, 7.7%), psychiatry (n=2, 5%), neurology
(n=3, 7.7%), orthopedics (n=2, 5%), oncology (n=2, 5%),
surgery (n=1, 2.6%), ophthalmology (n=1, 2.6%), respiratory
medicine (n=1, 2.6%), family medicine (n=1, 2.6%), and
emergency medicine (n=1, 2.6%; Figure 3).

Figure 2. Number of randomized controlled trials of artificial intelligence–assisted medicine per year.
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Figure 3. Distribution of original of publications and specialty.

Study Design
Multimedia Appendix 2 shows the study design and AI-assisted
tool characteristics of each selected RCT. Most studies were
single centered with a limited number of patients. Of these 39
studies, 35 (90%) had a sample size <1000 participants, 11
(28%) studies recruited fewer than 100 participants, 2 (5%)
studies had a sample size of >1000 participants, and only 2 (5%)
studies recruited >10,000 participants. More than half of the
included RCTs (23/39, 59%) were conducted in a single center,
36% (14/39) of the studies were conducted across multiple
centers, and 5% (2/39) of the studies did not mention how many
centers were involved. A total of 16 open-label studies were
conducted. Only 7 studies mentioned the racial information of
the participants. A total of 13 blinded randomized trials were
identified, of which 4 (31%) were double blinded and 9 (69%)
were single blinded. The remaining 10 studies did not mention
the level of blinding. Furthermore, 8 studies had a crossover
study design. Most RCTs (36/39, 92%) compared the AI-assisted
tools to control arms using the standard of care. Furthermore,
5% (2/39) of the studies used a sham treatment without AI
assistance as the control group. A study used a mobile app
without AI assistance as the control arm.

AI-Assisted Tool Characteristics
Biosignal-based AI tools are more common than clinical
data–based tools. A total of 26 AI-assisted tools were biosignal
based. Endoscopic images were the most commonly used
biosignal (15/26, 58%). Furthermore, 50% (13/26) of the
AI-assisted tools used clinical or biochemical data for analysis
(patients’ demography, self-administered questionnaire, and
other relevant clinical data such as blood test results, blood
pressure, and continuous positive airway pressure). No
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AI-assisted tool used both biosignal and clinical data combined
as source data in the algorithm.
Most AI-assisted tools relied on static data (34/39, 87%) input
to build the algorithm instead of dynamic data input (5/39, 13%).
Static data refer to a snapshot of image or data of patients at a
specific time point, whereas dynamic data are those captured
continuously over a certain period during the study. For
example, still images of the intestinal lumen captured during
colonoscopy for AI-assisted adenoma detection are static data,
whereas hourly captured vital signs and selected available
laboratory tests for AI-assisted prediction of severe sepsis are
dynamic data [18].
Approximately half of the studies (19/39, 49%) reported the
AI-assisted tools development process. Of these, three
AI-assisted tools in 8 studies, namely, GI-Genius, EndoScreener,
and CC-Cruiser, were developed using data from multiple
centers, whereas others were developed using data from a single
center. A total of 35 studies reported the AI developer. Of these,
18 (51%) AI-assisted tools were developed by industry and 17
(49%) were developed by academic institutions.

Study End Points
Table 2 presents the study objectives and end points.
Approximately half of the studies (18/39, 46%) used diagnostic
accuracy as primary end point. The most common diagnostic
end point is adenoma or polyp detection rate during
colonoscopy. A total of 13 studies measured treatment response
after AI-assisted intervention. Quality assurance of interventions
was examined in 7 studies. End point measures of 27 studies
were considered clinically relevant: 19 (70%) led to further
investigation, 6 (22%) indicated the need for change in
treatment, 1 (4%) reported in-hospital mortality and length of
hospitalization, and 1 (4%) reported hospital admission.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37188 | p.247
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Lam et al

Table 2. Study objectives and end points (primary and secondary).
Author (publication year)

Study objective

Primary end point

Secondary end point

Clinical
relevance

El Solh et al [17], To test the effectiveness of an ANNa appli- Time to optimal CPAP
2009
pressure
cation for CPAPb titration on the time required to achieve an optimal CPAP pressure
and CPAP titration failure

Titration failure rate

Change of
treatment

Shimabukuro et
al [18], 2017

In-hospital mortality rate; ICUc length of
stay

Mortality
and hospital and ICU
length of
stay

Labovitz et al [6], To evaluate the use of an artificial intelliMedication adherence
2017
gence platform on mobile devices in measuring and increasing medication adherence
in patients with stroke on anticoagulation
therapy

Nil

Nil

Gracey et al [19], To evaluate the effectiveness of using artifi- Medication adherence
2018
cial intelligence to target which patients
should receive interventions compared with
traditional targeting approaches to improve
medication adherence

Nil

Nil

To test the use of a machine learning–based Average hospital length
severe sepsis prediction system for reduc- of stay
tions in average length of stay and in-hospital mortality rate

Liu et al [20],
2018

To assess the effects of clinical decision
support system of graph-based machine
learning algorithms on blood pressure
management and economic burden of disease

Vennalaganti et
al [21], 2018

To evaluate the use of WATSd as an adjunct Rate of detection of HGD Neoplasia detection rates based on the pro- Further inor EAC
cedure order (WATS vs biopsy sampling
vestigation
to biopsy sampling for the detection of
first) of each procedure separately and the
e
f
HGD or EAC in a referral population with
additional time required for WATS
BEg

Biester et al [22], To evaluate the safety and efficacy of 602019
hour glucose control using the MD-Logic
system in individuals with type 1 diabetes
at home for day and night use, particularly
without remote monitoring

Blood pressure reduction Economic burden
in patients with hypertension

Percentage of glucose
sensor readings within 70
to 180 mg/dL (3.9-10
mmol/L)

Change of
treatment

Percentage of glucose sensor readings <60 Further into 70 mg/dL (3.3-3.9 mmol/L), percentage vestigation
of glucose sensor readings >180 to 240
mg/dL (10-13.3 mmol/L), average and SD
of glucose sensor readings, and overnight
percentage of readings (“overnight” defined
as 11:00 PM-7:00 AM) <70 mg/dL (3.9
mmol/L)

Pouska et al [23], To assess the use of HPIh to avoid hypoten- Number of hypotension
2019
events; duration of hysion in major intracranial surgery
potension events

Number of hypotension events in maintenance phase of anesthesia

Lin et al [24],
2019

To compare the diagnostic efficacy and
Accuracy of the diagnotreatment decision-making capacity between sis normal lens versus
CC-Cruiser and ophthalmologists in real- cataract
world clinical settings

Evaluation of the disease severity; time re- Further inquired for making the diagnosis; patient
vestigation
satisfaction

Kamdar et al
[25], 2019

To examine the impact of ePAL on cancer
pain severity, attitudes toward cancer pain,
and health care use

Attitudes toward cancer treatment (Barriers HospitalizaQuestionnaire II); anxiety (General anxiety tion
Disorder-7); pain-related hospital admissions

Pain severity

Persell et al [26], To evaluate the effectiveness of an artificial SBPi measured at 6
2020
intelligence smartphone coaching app to
months
promote hypertension self-management
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Further investigation

Self-reported medication adherence; home Change of
monitoring and self-management practices; treatment
self-efficacy related to BPj and BMI; selfreported health behaviors
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Author (publication year)

Study objective

Primary end point

Secondary end point

Voss et al [27],
2019

To test the efficacy of a wearable machine
learning tool for intervention on a core

SRS-IIl total score;
Vineland Adaptive Behavioural Scales, Second
edition; Developmental
Neuropsychological Assessment, Second edition; Emotion Guessing
Game

Moderator analysis; child behavior check- Nil
list; and the Vineland Adaptive Behavioural
Scales, Second edition adaptive composite
score

ASDk deficit in the natural home environment

Wang et al [28],
2019

To investigate whether a high-performance ADR
real-time automatic polyp detection system
can increase polyp and ADRsm in the real
clinical setting

Wu et al [29],
2019

To evaluate the effectiveness of WISENSE Blind spot rate
to monitor blind spots, time the procedure,
and automatically generate photo documentation during EGDo and thus raise the quality of everyday endoscopy

Pavel et al [30],
2020

To evaluate the performance of the ANSeRp
algorithm in real time by assessing the diagnostic accuracy for the detection of neonatal
electrographic seizures with and without
the use of ANSeR as a support tool for
clinicians at the cot side

Clinical
relevance

PDRn; mean number of polyps detected per Further investigation
colonoscopy; mean number of adenomas
detected per colonoscopy; rate of false positives and false negatives
Inspection time; completeness of photo
Further indocumentation generated by endoscopists; vestigation
completeness of photo documentation generated by WISENSE in WISENSE group;
completeness of photo documentation generated by WISENSE and endoscopists in
WISENSE group; the percentage of patients
being ignored in each site

Diagnostic accuracy
(sensitivity, specificity,
and false detection rate)
of health care professionals to identify neonates
with electrographic
seizures and seizure
hours with and without
the support of the
ANSeR algorithm

Summary measures of seizure burden (total Change of
seizure burden, maximum hourly seizure
treatment
burden, and median seizure duration);
number of inappropriate antiseizure medications given

Alfonsi et al [31], To test the app’s usability and potential
2020
impact on carbohydrate counting accuracy

Carbohydrate counting
accuracy

Quality of life for youth; self-care; patient
or parent responsibility

Nil

Auloge et al [32], To evaluate technical feasibility, accuracy,
2020
safety, and patient radiation exposure
granted by a novel navigational tool integrating augmented reality and artificial intelligence during percutaneous vertebroplasty
of patients with vertebral compression
fractures

Technical feasibility of
trocar placement using
augmented reality or artificial intelligence guidance

Comparison between groups A and B in
terms of accuracy, procedural safety, time
for trocar placement, and patient radiation
exposure (dose area product and fluoroscopy time)

Nil

Avari et al [33],
2020

To evaluate the safety and efficacy of the
Difference in change in
PEPPER system compared with a standard percentage time in range
bolus calculator
(3.9-10.0 mmol/L; 70180 mg/dL) between the
intervention arm that receives the PEPPER safety system with adaptive
bolus advice and the
control arm

Percentage time spent in euglycemia, hypo- Change of
glycemia, and hyperglycemia; number of
treatment
episodes of serious hypoglycemia; episodes
of hypoglycemia within 5 hours postprandially; severe hypoglycemia (defined as a
hypoglycemia event requiring third party
assistance); postprandial mean area under
the curve at 5 hours (expressed as mmol/L
min); glycemia risk and variability measures

Chen et al [34],
2020

To compare blind spots of sedated C-EGDq, The blind spot of 3 types
of EGD with the assisunsedated U-TOEr, and unsedated C-EGD
tance of ENDOANGEL
with and without the assistance of ENDOANG

Blind spot rate of unsedated U-TOE and
unsedated and sedated C-EGD with or
without the assistance of ENDOANGEL;
consistency between ENDOANGEL and
endoscopists’ review
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Author (publication year)

Study objective

Primary end point

Secondary end point

Gong et al [35],
2020

To evaluate whether the ENDOANGEL
system could improve polyp yield during
colonoscopy

ADR

The ADR for adenomas of different sizes Further in(diminutive [≤5 mm], small [>5 to<10 mm], vestigation
and large [≥10 mm]); locations (cecum, ascending colon, transverse colon, descending
colon, sigmoid colon, and rectum); PDR;
PDR for polyps of different sizes; locations;
mean number of adenomas per patient;
mean number of polyps per patient; withdrawal time (time spent viewing as the endoscope is withdrawn during a colonoscopy,
excluding biopsy or treatment time); adverse
events and serious adverse events

Liu et al [36],
2020

To investigate whether the integration of a

ADR

PDR; polyps per colonoscopy and adenomas Further inper colonoscopy
vestigation

Nicolae et al
[37], 2020

To evaluate the noninferiority of day 30
dosimetry between a machine learning–based treatment planning system for
prostate low-dose-rate brachytherapy and
the conventional manual planning technique

The 1-month postoperative follow-up results between expert-planned
low-dose-rate treatments
(conventional) and the

The efficiency of the PIPA approach in a
Nil
standardized preoperatively planned workflow; total treatment planning time; need
and extent of modifications

CADes system into the primary monitor
used during colonoscopy may increase
polyp and adenoma detection without increasing physician fatigue

Clinical
relevance

PIPAt machine learning
approach
Repici et al [38],
2020

To assess the safety and efficacy of a CADe ADR
system in detection of colorectal neoplasias
during real-time colonoscopy

Proximal ADR; total number of polyps de- Further intected; sessile serrated lesion detection rate; vestigation
mean number of adenomas per colonoscopy;
cecal intubation rate; withdrawal time

Su et al [39],
2020

To develop an automatic quality control
ADR
system and assess whether it could improve
polyp and adenoma detection in clinical
practice

PDR; mean number of adenomas detected Further inper colonoscopy; mean number of polyps vestigation
detected per colonoscopy; withdrawal time
(biopsy time was excluded by stopping the
clock); adequate bowel preparation rate,
defined as the percentage of colonoscopies
with each segmental BBPSu score 2

Wang et al [40],
2020

To compare adenoma miss rates of CADe
colonoscopy vs routine white-light
colonoscopy.

Wang et al [41],
2020

To perform a double-blinded study using a ADR
sham control to more rigorously assess the
effectiveness of a CADe system for improving detection of colon adenomas and polyps.
We also aimed to analyze the characteristics
of polyps missed by endoscopists

PDR; number of polyps per colonoscopy; Further innumber of adenomas per colonoscopy;
vestigation
sensitivity; specificity of the 3 skilled endoscopists

Wijnberge et al
[42], 2020

To test whether the clinical application of
the early warning system in combination
with a hemodynamic diagnostic guidance
and treatment protocol reduces intraoperative hypotension

Incidence of hypotension (the number of
Further inhypotensive events per patient): total time vestigation
with hypotension and percentage of time
spent with hypotension during surgery; incidence of hypertension (the number of hypotensive events per patient): total time with
hypertension and percentage of time spent
with hypertension during surgery

Weisinger et al
[43], 2021

To explore the benefit of BrainQ’s novel
Fugl-Meyer Assessment- Modified Rankin Scale; Action Research
and noninvasive, artificial intelligence–pow- Upper Extremity score
Arm Test; Box and Block Test; NIHSSw
ered, frequency-tuned ELF-EMFv treatment
(BQ) in improving upper extremity motor
function in a population with subacute ischemic stroke

https://www.jmir.org/2022/8/e37188

XSL• FO
RenderX

Adenoma miss rate

Time-weighted average
of hypotension during
surgery

Polyp miss rate; miss rate of advanced ade- Further innomas; sessile serrated adenoma or polyps; vestigation
patient miss rate; ADR for the first pass;
adenoma per colonoscopy; polyp per
colonoscopy

Nil
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Author (publication year)

Study objective

Primary end point

Secondary end point

Clinical
relevance

Blomberg et al
[44], 2021

To examine how a machine learning model Rate of dispatchers’
Dispatchers’ time to recognition of OHCA; Change of
x
recognition
of
subsequenttreatment
trained to identify OHCA and alert disrate of DA-CPRy
ly confirmed OHCA
patchers during emergency calls affected
OHCA recognition and response

Browning et al
[45], 2021

To assess the clinical effectiveness of using Treatment response of
a predictive algorithm based on behavioral depression symptoms
tests of affective cognition and subjective
symptoms and to guide antidepressant
treatment

Change in anxiety scores at week 8 (mea- Nil
sured using the Generalized Anxiety Disorder Assessment, 7 item version [30]); remission of depression at week 8 (defined as
QIDS-SR-16z score of ≤5); change in the
individual item scores from the QIDS-SR16 measuring restlessness and sadness at
week 8; change in symptoms of depression
(treated as a continuous variable) across 12
months (measured using QIDS-SR-16);
change in observer-reported symptoms of
depression (treated as dichotomous response
and as a continuous variable and measured
using the MADRSaa at week 8); change in
functional outcome across 12 months
(measured using the SASab screener); patients also completed detailed health economic, acceptability, and cognitive functioning measures that will be reported separately

Jayakumar et al
[46], 2021

To assess the effect of an artificial intelligence–enabled patient decision aid that includes education, preference assessment,
and personalized outcome estimations (using patient-reported outcome measurements)
on decision quality, patient experience,
functional outcomes, and process-level
outcomes among individuals with advanced
knee osteoarthritis considering total knee
replacement in comparison with education
only

Decision process score of
the knee decision quality
instrument questions 3.1
to 3.5

Level of shared decision-making (assessed Nil
using the CollaboRATE survey); patient
satisfaction with the consultation (numerical
rating scale); condition-specific symptoms
and functional limitations (Knee Injury and
Osteoarthritis Outcome Score, Joint Replacement); duration of consultation in minutes;
total knee replacement rates (proportion of
patients undergoing surgery); treatment
concordance (knee decision quality instrument question 1.6)

Kamba et al [47], To clarify whether adenoma miss rate could Adenoma miss rate
2021
be reduced with the CADe assistance during
screening and surveillance colonoscopy

Polyp miss rate; sessile serrated lesion miss Further inrate; ADR
vestigation

Luo et al [48],
2021

To explore whether artificial intelligence–as- PDR
sisted colonoscopy could improve the PDR
in the actual clinical environment

Number of polyps detected; the number of Further indiminutive polyps (diameter <6 mm); the
vestigation
number of polyps of each Paris type detected; the number of false positive results

Rafferty et al
[49], 2021

To determine whether Heali, a novel artifi- Adherence to the LFD
cial intelligence dietary mobile app can im-

IBS symptom severity; quality of life outcomes

Nil

prove adherence to the LFDac, IBSad
symptom severity and quality of life outcomes in adults with IBS or IBS-like
symptoms over a 4-week period
Repici et al [50],
2021

To assess the efficacy of a CADe system in ADR
detection of colorectal neoplasias in a nonexpert setting to challenge the CADe impact
in a real-life scenario

Proximal ADR; total number of polyps de- Further intected; sessile serrated lesion detection rate; vestigation
mean number of adenomas per colonoscopy;
cecal intubation rate; withdrawal time

Strömblad et al
[51], 2021

To assess accuracy and real-world outcome Accurate prediction of
from implementation of a machine learning the duration of each
model that predicts surgical case duration scheduled surgery

Effects on patients and systems were mea- Nil
sured by start time delay of following cases;
time between cases; the time patients spent
in presurgical area

Wu et al [52],
2021

To verify the effectiveness of ENDOANGEL in improving endoscopy quality and

Performance of ENDOANGEL in predict- Further ining early gastric cancer in a clinical setting vestigation

Number of blind spots

pretest its performance in detecting EGCae
in a multicenter randomized controlled trial
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Author (publication year)

Study objective

Primary end point

Secondary end point

Yao et al [53],
2021

To assess whether an ECG-based, artificial Rate of newly diagnosed Completion of an ECG within 90 days;
intelligence–powered clinical decision sup- low EF, defined as
other findings (eg, valvular heart disease),
port tool enables early diagnosis of low
EF≤50% within 90 days except low EF present on ECGs

Clinical
relevance
Further investigation

EFaf, a condition that is underdiagnosed but
treatable
Brown et al [54], To assess the comparative adenoma miss
2021
rate for CADe-assisted colonoscopy when
compared with high-definition white light
colonoscopy alone

a

Adenoma miss rate

Polyp miss rate; hyperplastic polyp miss
Further inrate; sessile serrated lesion miss rate; ADR; vestigation
PDR; adenoma per colonoscopy; polyp per
colonoscopy; sessile serrated lesion per
colonoscopy

ANN: artificial neural network.

b

CPAP: continuous positive airway pressure.

c

ICU: intensive care unit.

d

WATS: wide-area transepithelial sampling.

e

HGD: high-grade dysplasia.

f

EAC: esophageal adenocarcinoma.

g

BE: Barrett’s esophagus.

h

HPI: hypotension probability indicator.

i

SBP: systolic blood pressure.

j

BP: blood pressure.

k

ASD: autism spectrum disorder.

l

SRS-II: Social Responsiveness Scale II.

m

ADR: adenoma detection rate.

n

PDR: polyp detection rate.

o

EGD: esophagogastroduodenoscopy

p

ANSeR: Algorithm for Neonatal Seizure Recognition.

q

C-EGD: conventional esophagogastroduodenoscopy.

r

U-TOE: ultrathin transoral endoscopy.

s

CADe: computer-assisted detection.

t

PIPA: prostate implant planning algorithm.

u

BBPS: Boston Bowel Preparation Scale.

v

ELF-EMF: extremely low frequency and low intensity electromagnetic fields.

w

NIHSS: National Institutes of Health Stroke Scale.

x

OHCA: out-of-hospital cardiac arrest.

y

DA-CPR: dispatcher-assisted cardiopulmonary resuscitation.

z

QIDS-SR-16: Quick Inventory of Depressive Symptomatology (16-Item) (Self-Report).

aa

MADRS: Montgomery-Åsberg Depression Rating Scale.

ab
ac

ad
ae

SAS: Social Adjustment Scale.

LFD: low fermentable oligo-, di-, mono-saccharides and polyols diet.
IBS: irritable bowel syndrome.

ECG: electrocardiogram.

af

EF: ejection fraction.

Study Outcomes
Table 3 shows the study results and limitations of each RCT.
Of the 39 RCTs, 30 (77%) reported a positive study outcome
where AI-assisted interventions outperformed the control arms.
Of these 30 studies with positive outcomes, 22 (73%)
AI-assisted interventions were biosignal based, and 8 (27%)

https://www.jmir.org/2022/8/e37188

XSL• FO
RenderX

studies used clinical data–based AI-assisted intervention for
clinical outcome improvement. In addition, 21 of these 30 (70%)
studies reported positive results of clinically relevant end points.
Of these, 18 (86%) led to further investigations, 1 (5%) led to
change in treatment, and 2 (9%) reduced the length of
hospitalization.
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Table 3. Study results and limitations.
Author (pub- Primary end point result Secondary end point result Study out- Underlication year)
come
powered
El Solh et al
[17], 2019

Study conclusion

Limitations

No

Maximizing the time to
achieve optimal CPAP
and in reducing CPAP
titration failure

Single center only; possible
analysis bias as technologists were not blinded

Positive

No

Significant decrease in

Time to optimal CPAPa Titration failure: AI 16% Positive
versus control 36%; drop
pressure: AIb mean
of residual obstructive ap198.7 (SD 143.8) minnea–hypopnea events and
utes versus control
oxygen desaturations
mean 284.0 (SD 126.5)
minutes

Shimabukuro AI 10.3 days versus
et al [18],
control 13 days
2017

In-hospital mortality: AI
8.96% versus control
21.3%; ICUc length of
stay: AI 6.31 days versus
control 8.40 days

Small sample size; heterogethe hospital LOSd and in- nous population; trial was
conducted in the 2 ICUs onhospital mortality
ly; metrics were not monitored prospectively during
the study because of the
likely misrepresentation of
such results; false positive
rate, sensitivity, and prediction rate may be affected as
clinicians may have initiated
treatment before severe sepsis onset owing to advanced
notice from the predictive
algorithm; the use of overall
metrics, LOS, and in-hospital mortality for all comers
may underestimate the impact of the intervention on
outcomes for patients with
sepsis; potential for competing risks in the selected end
points, mortality may shorten a patient’s LOS; this
study was patient-outcome
oriented

Labovitz et
al [6], 2017

Mean (SD) cumulative Nil
adherence based on pill
count was 97.2 (4.4%)
for the AI platform
group and 90.6%
(5.8%) for the control
group. Plasma drug
concentration levels indicated that adherence
was 100% (15/15) and
50% (6/12) in the intervention and control
groups, respectively

Positive

Unknown Real-time monitoring has Not mentioned
the potential to increase
adherence and change
behavior, particularly in
patients on direct oral
anticoagulant therapy

Gracey et al
[19], 2018

Likelihood of being ad- Nil
herent: AI>control,
6.11%; likelihood of
being adherent: AI>traditional, 7.8%; no significant difference in likelihood of being adherent

Positive

Unknown Using AI to target inter- Not mentioned
ventions can increase the
effectiveness of medication adherence intervention programs
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Author (pub- Primary end point result Secondary end point result Study out- Underlication year)
come
powered
Liu et al
[20], 2018

AI versus control: no
significant difference

Vennalaganti et al [21],
2018

HGDe or EACf detec-

Biester et al
[22], 2019

AI: 66.6% versus control: 59.9%

Pouska et al
[23], 2019

Neoplasia detection rates:
not mentioned; average
tion—WATS alone:
time required for WATS;
29 versus control alone:
additional time required
7; AI (alone)>control
for WATS: 11 minutes 26
(alone) 4.2 times
seconds versus control: 6
minutes 55 seconds

RenderX

Positive

g

Percentage <60
Positive
mg/dL—AI: 0.64% versus
control: 0.38%; percentage
<70 mg/dL—AI: 2.31%
versus control: 1.45%;
percentage >180
mg/dL—AI: 28.32% versus control: 36.43%; percentage >240 mg/dL—AI:
8.53% versus control:
8.71%; Mean —AI: median (IQR) 153.11 (142.33174.81) versus control:
163.84 (150.17-186.54);
SD—AI: median (IQR)
52.71 (44.75-66.39) versus
control: 54.95 (46.1969.19)

No significant differAI: 10 versus control: 4
ence in number of hypotension events between 2 groups (4/20 vs
2/20)

https://www.jmir.org/2022/8/e37188

XSL• FO

Economic burden of disNegative
ease—AI versus control
(all): no significant difference; economic burden of
disease—AI: 46,006 (SD
40,831) yuan (US $6901
[SD 6125]) versus control
(in surgical dept): 64,192
(SD 67,968) yuan (US
$9629 [SD 10195])); benefit-cost ratio of AI: 1.15;
net present value of benefit-cost of AI: 5792 yuan;
direct medical costs—AI:
43,467 (SD 39.716) versus
control: 61,205 (SD
66,576) yuan

Negative

Study conclusion

Limitations

Unknown A clinical decision sup- Not mentioned
port system based on the
graph-based machine
learning algorithms
changed the antihypertensive prescriptions and reduced the medical expense among patients
with hypertension

Unknown WATS increases the de- Single center research only;
tection of HGD and EAC potential of population bias
as study population (20%)
in a high-risk BEh
surveillance population was enriched with patients
when used as an adjunct with BE with a known histoto biopsy sampling com- ry of dysplasia or referred
pared with biopsy sam- for endoscopic therapy; no
long-term follow-up
pling alone
No

The MD-Logic system
was safe and associated
with better glycemic
control than SAPi therapy for day and night use.
The absence of remote
monitoring did not lead
to safety signals in
adapting basal rates nor
in administration of automated bolus corrections

Unknown On the basis of our data,
it seems that the inclu-

High rate of communication
errors between the tablet
computer running the algorithm and the insulin pump

Not mentioned

sion of HPIj into a goaldirected treatment strategy could lower the incidence of hypotension
within maintenance
phase of anesthesia
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Author (pub- Primary end point result Secondary end point result Study out- Underlication year)
come
powered

Study conclusion

Limitations

Lin et al
[24], 2019

CC-Cruiser exhibited less
accuracy compared with
senior human consultants
in diagnosing childhood
cataracts and making
treatment decisions, but
it has the capacity to assist human physicians in
clinical practice in its
current state

Patients without symptoms
were less willing to participate in; patients with slightly
opaque lens may have
missed; CC-Cruiser provided treatment suggestions
without considering the patients’ general conditions;
lack of internet accessibility
limited the implementation
of CC-Cruiser in low-income areas; possibly sufficient statistic power because

Accuracy—AI: 87.4%
versus control: 99.1%

No significant difference Negative
in evaluation of the disease
severity between AI and
control; AI: 2.79 minutes
versus control: 8.53 minutes; rating of overall satisfaction—AI: mean 3.47
(SD 0.501) versus control:
mean 3.38 (0.554)

No

cluster RCTk was adopted
in trial, whereas RCT was
used in sample size calculation
Kamdar et al Difference of BPIl be[25], 2019
tween AI and control:
ß=−.09

Difference of BQ-IIm be- Positive
tween AI and control:
ß=−.037; difference of
General Anxiety Disorder7 between AI and control:
ß=.21; AI: 4 versus control: 20

Unknown AI significantly decreas- Not mentioned
es pain scores and painrelated hospitalizations
in patients with cancerrelated pain

Persell et al
[26], 2020

AI: mean systolic blood
pressure (SD) 132.3
(15.0) mm Hg versus
control: 135 (13.9) mm
Hg

Significant improvement Negative
in self-reported medication
adherence in AI group than
control; no significant difference between home
monitoring and self-management practices; AI
group has 26.7 minutes per
week (−5.4 to 58.8) more
than control group in selfreported physical activity

Unknown Adults with hypertension Blinding to participants and
randomized to a coaching research staff is impossible;
app plus home monitor
some outcomes were selfreported; not specifically
had similar SBPn comselect participants who were
pared with controls relikely to use a health-coachceiving a tracking app
ing app; small sample size;
and home monitor
the app used in the study
was a beta version; the AI
and machine learning technology used here in this app
gains information with larger numbers of users contributing data; cannot exclude the possibility that
some patients may have
well-controlled hypertension; limited generalizability
because only iOS device
users were recruited

Voss et al
[27], 2019

SRS-IIo showed large,
not significant, positive
mean changes in treatment participants; the

Moderator analyses
Positive
showed a moderation effect for girls showing
greater improvement; no
significant changes from
p
VABS-II socialization
intake to posttest 1 were
subscale score signifiobserved on Child Becantly increased behaviour Checklist; the
tween the start and end
VABS-II adaptive composof the intervention in
ite score showed slightly
treatment-to-control
greater improvement in
comparisons
younger participants
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Yes

This study underscores
the potential of digital
home therapy to augment
the standard of care

According to the poststudy
empirical variance, this
study may be underpowered
by a factor of 2; low treatment adherence; bias in recruitment of participants;
bias owing to the inherent
demographic and behavioral
heterogeneity of patients;
second posttest appointments were not available for
control participants before
crossing over into treatment
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Author (pub- Primary end point result Secondary end point result Study out- Underlication year)
come
powered

Study conclusion

Limitations

Wang et al
[28], 2019

AI: 29.1% versus control: 20.3%

AI: 0.45 versus control:

Positive

No

In a low prevalent ADRr
population, an automatic
polyp detection system
during colonoscopy resulted in a significant increase in the number of
diminutive adenomas detected as well as an increase in the rate of hyperplastic polyps

Endoscopists were not
blinded; lack of external validity; despite low false positive rates, potential distraction during the procedure
could also be caused; fatigue
level of participating endoscopists were not controlled;
inadequate sample size of
colonoscopies performed by
junior endoscopists; only
Olympus colonoscopy
equipment was used

Wu et al
[29], 2019

AI: 5.86% versus control: 22.46%

AI: 5.03 minutes versus
Positive
control: 4.24 minutes; AI:
71.87% versus control:
79.14%; AI: 90.64% versus control: 79.14%; AI:
92.91% versus control:
79.14%; percentage of patients being ignored in majority gastric sites were
significantly lower than
control

No

WISENSE greatly reduced blind spot rate, increased inspection time,
and improved the completeness of photo documentation

Only Olympus and Fujifilm
endoscopes were used in this
trial; the withdrawal time in
this trial was generally less
than recommended 7 min-

q

0.29 (OR 1.995, 95% CI
1.532-2.544); AI: 0.97
versus control: 0.51; AI:
0.53 versus control: 0.31;
false positive rate of AI:
0.075 per colonoscopy;
false negative rate of AI:
not mentioned

utes of EGDs in the guideline

Pavel et al
[30], 2020

Diagnostic accuracy
(sensitivity, specificity,
and false detection rate)
for recognition of a
neonate with seizures
were not significantly
different between the 2
groups; sensitivity of
seizure hours—AI: 66%
versus control: 45.3%;
false detection rate of
seizure hours was not
mentioned

No significant differences Negative
found in seizure characteristics; AI: 37.5% versus
control: 31.6%; difference
5.9%

No

In conclusion, this clinical investigation was the
first to assess the performance of a machine
learning algorithm for
neonatal seizure detection in real time and in
the real-world setting of
busy neonatal ICUs
throughout Europe

Excluded seizures with a
duration of <30 seconds
from both groups; analysis
was done using seizure hour
instead of looking at each
individual seizure

Alfonsi et al
[31], 2020

Absolute error at 3month follow-up—AI:
27.45% (10.90%) versus control: 38.00%
(14.74%); error>10 g at
3-month followup—AI: 21.43%
(16.82%) versus control: 32.27% (16.31%)

No significant difference Positive
between groups A and B
in terms of accuracy, procedural safety, time for trocar
placement, and patient radiation exposure (dose area
product and fluoroscopy
time)

No

The data suggest that use
of iSpy is associated with
improved carbohydrate
counting and that usability and acceptability of
the app is quite positive

Single tertiary pediatric
center only; the number of
foods recognized by iSpy is
not all encompassing; detailed information about
other factors that can influence care such as education
level, socioeconomic status
data, family dynamics, or
details of treatment regimen
were not acquired; text reminders to the control participants was not provided
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Author (pub- Primary end point result Secondary end point result Study out- Underlication year)
come
powered

Study conclusion

Limitations

Auloge et al
[32], 2020

Augmented reality or
AI–guided percutaneous
vertebroplasty appears
feasible, accurate and
safe and facilitates lower
patient radiation exposure compared with standard fluoroscopic guidance

Small sample size; surgeon
bias due to inherent nonblinding; lack of power to
assess differences in vertebroplasty complication rates;
accuracy of final trocar position was estimated on augmented fluoroscopic images

Yes

The PEPPER system was
safe but did not change
glycemic outcomes compared with control

The potential need for additional time required for the
adaptive insulin recommender system to be effective; the algorithm is likely
to be most beneficial to individuals maintaining regular
work patterns rather than
shift workers; the algorithm
only adapts for bolus insulin
and assumes that the basal
insulin has been optimized;
the system is dependent on
meal scenarios where the
user has not ingested a significant snack or taken an insulin bolus correction within
5 hours of a meal for revision

No

In summary, our study
Single-center study; endoshowed that the number scopist were not blinded
of blind spots in conventional sedated EGD was
the lowest compared with
unseated U-TOE and
unsedated EGD, and the
addition of ENDOANGEL had a maximal effect on unsedated C-EGD

Group A technical feasibility was 100% with
successful segmentation
and generation of safe
or accurate trajectory in
all cases

No significant difference Positive
in accuracy; no complications or unintended effects
were observed in either
group—AI: mean 642 (SD
210) seconds, range 300963 versus control: mean
336 (SD 60) seconds,

Yes

range 240-438; DAPt—AI:
mean 182.6 (SD 106.7)

rather than CBCTu; no clinical follow-up is presented

mGy cm2, range 27-355
versus control: mean 367.8
(SD 184.7) mGy cm2,
range 115-644; fluoroscopy time—AI: 5.2 (SD
2.6) seconds, range 1.6-8.7
versus control: mean 10.4
(SD 4.1) seconds, range
4.2-17.9
Avari et al
[33], 2020

AI: 62.5% (52.1%67.8%) versus control:
58.4% (49.6%-64.3%)

Chen et al
[34], 2020

Sedated C-EGD versus Blind spot rate of Sedated Positive
unsedated U-TOEv ver- C-EGD—AI: 3.42 versus
sus unsedated C-EGD: control: 22.46; blind spot
3.42% (0.89/26) versus rate of unsedated U21.77% (5.66/26) ver- TOE—AI: 21.77 versus
sus 31.23% (8.12/26), control: 29.92; blind spot
rate of unsedated Crespectively
EGD—AI: 31.23 versus
control: 42.46; the average
accuracy, sensitivity, and
specificity of EN-DOANGEL in sedated C-EGD
were 88.3%, 92.6%, and
90.2%, respectively; in
unsedated U-TOE, were
91.3%, 84.5%, and 90.1%,
respectively; and in unsedated C-EGD, were
87.8%,8 2.8%, and 87.8%,
respectively

https://www.jmir.org/2022/8/e37188

XSL• FO
RenderX

No significant difference Negative
for percentage of time in
euglycemia, hypoglycemia, and hyperglycemia; no episode of
serious hypoglycemia; no
episodes of hypoglycemia
within 5 hours postprandially; case of severe hypoglycemia; AI: 0 versus
control: 1; no significant
difference in glycemic risk
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Author (pub- Primary end point result Secondary end point result Study out- Underlication year)
come
powered

Study conclusion

Limitations

Gong et al
[35], 2020

ITT diminutive—AI: 46
Positive
ITTw—AI: 16%
(13%)
versus
control:
25
(58/355) versus control:
(7%); ITT small—AI: 4
8% (27/349); PPx—AI:
(1%) versus control: 1
17% (54/224) versus
(<1%); ITT large—AI: 10
control: 8% (26/318)
(3%) versus control: 1
(<1%); no significant differences were found comparing adenoma locations:
ITT—AI: 47% (166/355)
versus control: 34%
(118/349); ITT diminutive—AI: 158 (45%) versus control: 114 (33%);
ITT small—AI: 9 (3%)
versus control: 7 (2%);
ITT large—AI: 11 (3%)
versus control: 3 (1%);
significant different was
only found in sigmoid
colon—AI: 79 (22%) versus control: 48 (14%); AI:
0.18 versus control: 0.08;
AI: 1.17 versus control:
0.68; AI: 6.38 minutes
versus control: 4.76 minutes; no adverse and serious adverse events

No

In conclusion, the ENDOANGEL system is a
quality improving system
for colonoscopy that uses
computer vision, realtime monitoring of withdrawal speed, and timing
of colonoscopy intubation and withdrawal and
provides reminders to
endoscopists of blind
spots, in addition to live
tracking previously seen
frames during
colonoscopy

AI was validated at 1 center
only; the withdrawal speed
was artificially divided into
safe, alarm, and dangerous
by assessing videos from
Renmin Hospital of Wuhan
University; the difference
between assisted and unassisted colonoscopy for adenomas of 6-9 mm was not
significant, which could be
attributable to small numbers

Liu et al
[36], 2020

AI: 29.01% versus con- AI: 47.07% versus control: Positive
trol: 20.91%
33.25%; AI: 1.07 versus
control: 0.51; AI: 0.48
versus control: 0.29

No

In conclusion, real-time
visual alarms provided
by a high-performance

Open-labeled study; the fatigue score was subjective
and susceptible to factors
other than the visual alarms;
whether a polyp was first
detected by CADe before
the endoscopist was based
on the operating endoscopist’s own judgment; the
fact that the CADe system
detected a polyp before the
endoscopists does not necessarily mean that the endoscopists would have missed
that lesion

Nicolae et al No significant differ[37], 2020
ence in CTVz V100,
CTV D90, and Rectum
V100 at 1-month postoperative follow-up

https://www.jmir.org/2022/8/e37188

XSL• FO
RenderX

AI: mean 2.38 (SD 0.96)
minutes versus control:
mean 43.13 (SD 58.70)
minutes; no significant
difference in need and extent of modifications

Positive

CADey system embedded
into the primary
colonoscopy monitor,
with nearly unnoticeable
latency, have been shown
to cause a significant improvement in ADR because of an increased detection of diminutive
adenomas without increasing physician fatigue level during
colonoscopy
Yes

A machine learning–based planning
workflow for prostate

Single-center study; examining only preoperatively
planned cases

LDRaa brachytherapy has
the potential to offer significant time savings and
operational efficiencies,
while producing noninferior postoperative
dosimetry to that of expert, conventional treatment planners
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Author (pub- Primary end point result Secondary end point result Study out- Underlication year)
come
powered

Study conclusion

Limitations

Repici et al
[38], 2020

AI: 54.8% versus control: 40.4%

AI: 123 versus control: 97; Positive
AI: 353 out of 262 patients
versus control: 243 out of
198 patients; AI: 7% versus control: 5.2%; AI: 1.07
versus control: 0.71; AI:
95.6% versus control:
98.5%; withdrawal time:
not mentioned

No

In a multicenter, randomized trial, we found that
including CADe in realtime colonoscopy significantly increases ADR
and adenomas detected
per colonoscopy without
increasing withdrawal
time

Psychological bias could not
be excluded; the equivalence
in withdrawal time excludes
a somewhat reduced degree
of mucosal exposure in the
control arm; low detectors
and inexperienced or nongastroenterologist endoscopists
were not involved in this
study

Su et al [39], AI: 28.90% versus con2020
trol: 16.51% (OR 2.055,
95% CI 1.397-3.024;
P<.001)

AI: 38.31% versus control: Positive
25.40%; AI: 0.367 versus
control: 0.178; AI: 0.575
versus control: 0.305; AI:
mean 7.03 (SD 1.01) minutes versus control: mean
5.68 (SD 1.26) minutes;
AI: 87.34% versus control:
80.63%

No

In summary, AQCSab, an
automatic quality control
system, could be used in
real time for timing, supervising withdrawal stability, evaluating

Single endoscopic center;
some false prompts occurred
with the AQCS; fatigue level of participating physicians
was not controlled; used 4
intraprocedural quality metrics to form the AQCS,
without performing preliminary testing to evaluate
whether just 2 or 3 or 4 of
these metrics had the same
quality improvement; did
not test the sole effect of
colonoscopy stability; the

BBPSac, and detecting
polyp

DCNNsad were trained only
on images obtained from a
Pentax imaging system
Wang et al
[40], 2020

AI: 13.89% versus con- AI: 12.98% versus control: Positive
trol: 40%
45.90%; no statistical differences in the miss rate of
advanced adenomas and
sessile serrated adenoma
or polyps; no significant
difference in patient miss
rate; no significant difference in ADR for the first
pass; no significant difference in adenoma per
colonoscopy; no significant difference in polyp
per colonoscopy

No

The results from this
study suggest a signifi-

Wang et al
[41], 2020

AI: 165 (34%) versus
sham control: 132
(28%)

No

The CADe system is a
safe and effective method
to increase ADR during
colonoscopy
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AI: 252 (52%) versus
Positive
sham control: 176 (37%);
AI: 1.04 versus sham control: 0.64; AI: 0.58 versus
sham control: 0.38

AMR obtained in the tandem study cannot reflect the
absolute miss rate; subjeccantly lower AMRae
when a CADe technolo- tive bias in open-labeled trigy is used compared with al; tandem colonoscopy in
each patient was performed
routine white light
colonoscopy. The detec- by the same endoscopist;
study population was not retion of diminutive and
stricted to screening-only
small adenomas with
participants according to
nonadvanced histology
guidelines; only skilled endoand nonpedunculated
shape could be effective- scopists were allowed to
participate in this study;
ly improved by CADe
subjected bias may be introcolonoscopy
duced as the judgments
made by the panel of 3 experts who reviewed the
video record were not a gold
standard as pathology
Potential bias in the presence of a second senior endoscopist; bias in patient recruitment; the actual alert
numbers of the sham system
should have been measured
in the trial to show equivalence
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Wijnberge et AI: median 0.10, IQR
al [42], 2020 0.01-0.43 mm Hg versus control: median
0.44, IQR 0.23-0.72
mm Hg

AI: 3.00, IQR 1.00-8.00
Positive
versus control: 8.00, IQR
3.50-12.00; AI: 8.00, IQR
1.33-26.00 minutes versus
control: 32.67, IQR 11.5059.67 minutes; AI: 2.8%,
IQR 0.8%-6.6% versus
control: 5.6%, IQR 3%9.4%; AI: 2.0 (0.0 to 3.0)
versus control: 0.0 (−1.0 to
0.0); AI: 4.0 (0.0 to 10.7)
minutes versus control:
−0.7 (−4.3 to 0.7) minutes;
AI: 1.5% (0.0 to 3.3) versus control: −0.2% (−1.4
to 0.3)

No

In this single-center preliminary study of patients
undergoing elective noncardiac surgery, the use
of a machine learning–derived early warning system compared with standard care resulted in less
intraoperative hypotension. Further research
with larger study populations in diverse settings
is needed to understand
the effect on additional
patient outcomes and to
fully assess safety and
generalizability

Single center only; small
sample size; patient may
have their own personal
minimal MAP to be maintained during surgery; depth
of anesthesia was not measured; the early warning
system is validated only for
invasive continuous blood
pressure monitoring; an observer being present in the
operating room may have
influenced protocol adherence

Weisinger et Fugl-Meyer Assessal [43], 2021 ment-Upper Extremity:
week 4—AI: mean 23.2
(SD 3.91) versus control: mean 9.9 (SD 3.2);
week 8—AI: mean 31.5
(SD 2.97) versus control: mean 23.1 (SD
4.99)

AI: 2.5 (0.18) points ver- Positive
sus control: 1.3 (0.16)
points; significance improved: Action Research
Arm Test-Pinch subscale;
significance improved:
Box and Block Test; signif-

Unknown BQ treatment significant- Nil
ly improves upper extremity motor function in a
population with subacute
ischemic stroke across
multiple clinical metrics.
Further studies are
planned and ongoing
with larger study populations and in related indications

Blomberg et AI: 93.1% (296/318)
al [44], 2021 versus control: 90.5%
(304/336)

AI: 1.72 (1.52) minutes
Negative
versus control: 1.70 (1.63)
minutes; AI: 64.8% versus
control: 61.9%

Yes

This randomized clinical
trial did not find any significant improvement in
dispatchers’ ability to
recognize cardiac arrest
when supported by machine learning even
though AI did surpass
human recognition

Not 100% compliance with
the machine learning model;
the servers analyzing the
phone calls had downtime,
because the server was underdimensioned

Browning et QIDS-SR-16af at week
al [45], 2021 8—AI: 55.9% versus
control: 51.8

Generalized Anxiety Disor- Negative
der Assessment, 7 item
version (week 8)—AI:
−5.44 versus control:
−6.12

Yes

Use of a predictive algorithm to guide antidepressant treatment improves
symptoms of anxiety and
functional outcomes provides initial support for
the use of personalized
medicine approaches in
the treatment of depression

The accuracy of the predictive algorithm was modest
at 57.5%; effectiveness was
focused rather than efficacy,
requesting but not requiring
clinicians to alter treatment
in response to a prediction
of nonresponse; randomization occurred at the level of
the patient rather than the
site, and thus, the treatment
as usual arm may have been
influenced by behavior
learned in the active arm
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Jayakumar et AI: mean 68.9 (SD
al [46], 2021 19.8) versus control:
mean 48.8 (SD 14.5)

No

In this randomized clinical trial, an AI-enabled
decision aid significantly
improved decision quality, level of shared decision-making, satisfaction,
and physical limitations
without significantly impacting consultation
times, TKR rates, or
treatment concordance in
patients with knee osteoarthritis considering
TKR. Decision aids using
a personalized, data-driven approach can enhance
shared decision-making
in the management of
knee osteoarthritis

Single-center study; surgeons were not masked; we
did not assess the effect of
the decision aid on patient
knowledge; the typical
course of a formal osteoarthritis in-clinic diagnosis possesses a general limitation in limiting the time
frame over which the tool
may be applied

CollaboRATE mediPositive
an—AI: 8 of 69 versus
control: 28 of 60; number
of patient-rated satisfaction
scores lower than the median value of 10—AI: 9 of
69 versus control: 19 of
60; no significant difference in duration of consultation in minutes; no significant difference in TKRag
rates and treatment concordance

Kamba et al
[47], 2021

AI first: 13.8% versus
control first: 35.7%

AI first: 14.2% versus
Positive
control first: 40.6%; AI
first: 13% versus control
first: 38.5%; AI first:
64.5% versus control first:
53.6%

No

The reduction of AMR
Nil
by assisting with CADe
based on deep learning in
a multicenter randomized
controlled trial

Luo et al
[48], 2021

AI: 38.7% versus control: 34%

The number of polyps de- Positive
tected in the control group
and the research group was
80 and 105, respectively;
AI: 91 versus control: 69;
polyp type 0-IIa—AI: 87
versus control: 61; polyp
type 0-Is—AI: 5 versus
control: 8; polyp type 0Ip—AI: 13 versus control:
11; 52 false positive result
in AI group; in average,
0.35 false positive per
colonoscopy

No

This study shows that an
AI system based on deep
learning and its real-time
performance led to significant increases in colorec-

Rafferty et al IBSai symptom
No significant difference;
[49], 2021
score—AI: −170 versus AI: 8.3 (4.4-13.1) versus
control: −138; quality control: 10.4 (7.4-14.0)
of life score—AI: 31.1
versus control: 11.8
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Negative

tal PDRah

Yes

Results showed that the
Heali app was able to
significantly increase
quality of life outcomes
in IBS participants over
a 30-day intervention period

Single center study; small
sample size; AI has different
effects on improving the
PDR among different physicians; ADR was not compared between 2 groups in
this trial

Small sample size; self-reporting bias in survey may
resulted owing to lack of
blinding; stratification was
not done; participants were
not randomized to groups
until study day 10, which
was after the collection of
baseline data; although anthropometric measures
(bodyweight and height)
were collected at baseline,
they were not collected at
the end of the trial, and it is
possible that changes in
body weight influenced the
outcome variables; adherence may be affected by social impacts of the COVID19 pandemic
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Repici et al
[50], 2021

No

CADe in real-time
colonoscopy significantly
increases ADR and adenomas detected per
colonoscopy in a nonexpert setting

No comparison of AI assistance with alternative educational interventions among
inexpert endoscopists; this
study design was not fit to
assess the sensitivity or
specificity of the device; no
power calculations were
done for any of our secondary outcomes

Mean patient wait time:
Positive
overall—AI: 16.3 minutes
versus control: 49.4 minutes (67.1% improvement);
turnover time: overall—AI: 69.1 minutes versus control: 70.6 minutes
(2% improvement); patient
time in facility—AI: 148.1
versus control: 173.3
(14.5% improvement)

No

Implementing machine
learning–generated predictions for surgical case
durations may improve
case duration accuracy,
presurgical resource use,
and patient wait time,
without increasing surgeon wait time between
cases

Small sample size; prediction accuracy may be affected if the submitted procedure codes deviate significantly from the procedures
that are performed; a less
common occurrence were
multipanel cases in which
multiple surgeons from different services operated on
the same patient during the
same case; there was no
stratification by days

Wu et al
[52], 2021

AI: 5.38 (SD 4.32) ver- AI: 5.40 (SD 3.82) minutes Positive
sus control: 9.82
versus control: 4.38 (SD
3.91) minutes; the median
percentage of patients with
blind spots at each
site—AI: 21% versus control: 38.9%; per-lesion accuracy: 84.7%; sensitivity:
100%; specificity: 84.3%

No

ENDOANGEL was an
effective and robust system to improve the quality of EGD and has the
potential to detect electrocardiogram in real time

We only conducted a feasibility analysis on real-time
detection of gastric cancer
based on deep learning in a
clinical setting; the enrolled
patients were not followed
up for a long time; statisticians were not blinded

Yao et al
[53], 2021

In overall cohort—AI:
2.1% versus control
1.6%; among 1356 patients who had a positive result—AI: 19.5%
versus control: 14.5%

No

An AI algorithm run on
existing electrocardiograms enabled the early
diagnosis of low ejection
fraction in a large cohort
of patients managed in
routine primary care
practices. Because electrocardiography is a lowcost test that is frequently
performed for a variety
of purposes, the algorithm could potentially
improve early diagnosis
and treatment of a condition that is often asymptomatic but has effective
treatments and thus reduce the disease burden
in broad populations

Echocardiogram may not be
ordered by clinician as nearly all the patients had insurance coverage; study was
not designed to determine
the long-term clinical impact; for example, heart
failure hospitalizations and
mortality

AI: 176/330, 53.3%
AI: 41.5% versus control: Positive
versus control: 146/330, 36.1%; AI: 1.98 (range 044.2%
15) versus control: 1.61
(range: 0-17); AI: 3.3%
versus control: 5.2%; AI:
1.26 (SD 1.82) versus control: 1.04 (SD 1.75); 100%
in both groups after excluding patients with inadequate bowel preparation;
AI: mean 815 (SD 1.6)
versus control: mean 7.98
(SD 1.5)

Strömblad et Mean absolute eral [51], 2021 ror—AI: 49.5 minutes
{66} versus control:
59.3 minutes {72}
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Brown et al
[54], 2021

This study showed a decrease in AMR with the
use of a deep learning
CADe system when
compared with HDWL
colonoscopy alone and a
decrease in polyp and
sessile serrated lesion
miss rates and an increase in first-pass adenomas per colonoscopy

Not powered to detect a difference in ADR; the tandem
colonoscopy design limited
in terms of generalizability
to the real-world clinical
setting; only included experienced endoscopists with a
high baseline ADR at US
academic medical centers;
used a second monitor adjacent to the primary endoscopy monitor

AMR—CADe first:
20.12% versus HD-

PDR—CADe first: 20.7% Positive
versus HDWL first:

WLaj first: 31.25%

33.71%; HPMRak—no
significant difference in
the hyperplastic polyp miss
rate; SSLMRal—CADe
first: 7.140% versus HDWL first: 42.11%; no statistically significant difference in ADR during first
pass, second pass, and
whole process; no statistically significant difference
in PDR during first pass,
second pass, and whole
process; adenoma per
colonoscopy during first
pass—CADe first: 1.19
versus HDWL first: 0.90;
no statistically significant
difference during second
pass and whole process;
polyp per colonoscopy
during first pass—CADe
first: 2.0 versus HDWL
first: 1.59; polyp per
colonoscopy during second
pass—CADe first: 0.52
versus HDWL first: 0.81;
no statistically significant
difference during whole

No

process; SSLPCam during
second pass—CADe first:
0.01 versus HDWL first:
0.07; no statistically significant difference during first
pass whole process
a

CPAP: continuous positive airway pressure.

b

AI: artificial intelligence.

c

ICU: intensive care unit.

d

LOS: length of stay.

e

HGD: high-grade dysplasia.

f

EAC: esophageal adenocarcinoma.

g

WATS: wide-area transepithelial sampling.

h

BE: Barrett's esophagus.

i

SAP: sensor-augmented pump.

j

HPI: hypotension probability indicator.

k

RCT: randomized controlled trial.

l

BPI: Brief Pain Inventory.

m

BQ-II: Barriers Questionnaire II.

n

SBP: systolic blood pressure.

o

SRS-II: Social Responsiveness Scale II.

p

VABS-II: Vineland Adaptive Behavioural Scales, Second edition.

q

OR: odds ratio.

r

ADR: adenoma detection rate.

s

EGD: esophagogastroduodenoscopy.

t

DAP: dose–area product.

u

CBCT: cone-beam computed tomography.

v

U-TOE: ultrathin transoral endoscopy.
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w

ITT: intention to treat.

x

PP: per protocol.

y

CADe: computer-assisted detection.

z

CTV: clinical target volume.

aa

LDR: low-dose rate.

ab
ac

ad
ae

AQCS: automatic quality control system.

BBPS: Boston bowel preparation scale.
DCNN: deep convolutional neural networks.

AMR: adenoma miss rate.

af

QIDS-SR-16: Quick Inventory of Depressive Symptomatology (16-Item) (Self-Report).

ag

TKR: total knee replacement.

ah

PDR: polyp detection rate.

ai

IBS: irritable bowel syndrome.

aj

HDWL: high-definition white light.

ak

HPMR: Hyperplastic polyp miss rate.

al

SSLMR: sessile serrated lesion miss rate.

am

SSLPC: sessile serrated lesion per colonoscopy.

Study Limitations
The most common limitations listed by the authors among these
studies were single-center study design (22/39, 56%) and small
sample size (n<1000; 33/39, 85%). This limits the
generalizability and statistical power of the AI-assisted tools in
different studies. There were 7 studies which were underpowered
because of small sample size. Of these, 5 (71%) studies included
<100 participants. Another common limitation is the open-label
design (15/39, 38%).
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Assessment of Risk of Bias
Detailed assessment results of the risk of bias using the second
version of the Cochrane risk-of-bias tool for randomized trials
are reported in Table 4. On the basis of the overall risk-of-bias
assessment, 20% (8/39) of the trials had a low risk of bias, 31%
(12/39) trials had some concerns, and 49% (19/39) had a high
risk of bias. Missing outcome data and outcome measurements
were the most common risk factors.
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Table 4. Quality assessment outcome based on the second version of the Cochrane risk-of-bias tool for randomized trials.
Author (publication year)

Randomization
process

Deviations from in- Missing out- Measurement of the
tended interventions come data
outcome

Selection of the
reported result

Overall bias

El Solh et al [17], 2009

Low

Low

Low

Low

Low

Low

Shimabukuro et al [18], 2017 Low

Low

Low

Low

Low

Low

Labovitz et al [6], 2017

Some concerns

Low

Low

Low

Low

Some concerns

Gracey et al [19], 2018

Some concerns

High

High

High

High

High

Liu et al [20], 2018

Some concerns

Some concerns

High

High

Some concerns

High

Vennalaganti et al [21], 2018

Some concerns

Low

Low

High

Low

High

Biester et al [22], 2019

Some concerns

Some concerns

High

Low

High

High

Pouska et al [23], 2019

Some concerns

High

Low

Low

Low

High

Lin et al [24], 2019

Low

Low

Low

Low

Low

Low

Kamdar et al [25], 2019

Some concerns

Some concerns

High

High

Some concerns

High

Persell et al [26], 2020

Low

High

Low

High

Low

High

Voss et al [27], 2019

High

Some concerns

Low

High

Low

High

Wang et al [28], 2019

Some concerns

Low

Low

Low

Low

Some concerns

Wu et al [29], 2019

Some concerns

Low

Low

Low

Low

Some concerns

Pavel et al [30], 2020

Some concerns

Low

Low

Low

Low

Some concerns

Alfonsi et al [31], 2020

Some concerns

Low

Low

High

Low

High

Auloge et al [32], 2020

Some concerns

Some concerns

Low

Low

Low

Some concerns

Avari et al [33], 2020

Low

Some concerns

Low

Some concerns

Some concerns

Some concerns

Chen et al [34], 2020

Some concerns

Low

Low

Low

Low

Some concerns

Gong et al [35], 2020

Low

Low

Low

Low

Low

Low

Liu et al [36], 2020

Some concerns

Low

Low

Some concerns

Low

Some concerns

Nicolae et al [37], 2020

Some concerns

Some concerns

High

Low

Low

High

Repici et al [38], 2020

Some concerns

Low

Low

Low

Low

Some concerns

Su et al [39], 2020

Low

Low

Low

Low

Low

Low

Wang et al [40], 2020

Low

Low

Low

High

Low

High

Wang et al [41], 2020

Low

Low

Low

Some concerns

Low

Some concerns

Wijnberge et al [42], 2020

Some concerns

Low

Low

Low

Low

Some concerns

Weisinger et al [43], 2021

Some concerns

Low

High

High

Low

High

Blomberg et al [44], 2021

Low

Low

High

Low

Low

High

Browning et al [45], 2021

Low

Low

Low

Low

Low

Low

Jayakumar et al [46], 2021

Some concerns

Low

Low

High

Low

High

Kamba et al [47], 2021

Some concerns

High

High

Some concerns

Low

High

Luo et al [48], 2021

Some concerns

Low

Low

Low

Low

Some concerns

Rafferty et al [49], 2021

High

Low

Low

High

Low

High

Repici et al [50], 2021

Some concerns

Some concerns

High

High

Low

High

Strömblad et al [51], 2021

Low

Low

Low

Low

Low

Low

Wu et al [52], 2021

Low

Low

Low

Low

Low

Low

Yao et al [53], 2021

Some concerns

High

High

High

Low

High

Brown et al [54], 2021

Low

Low

Low

High

Low

High
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Discussion
Principal Findings
Despite the plethora of claims for the benefits of AI in enhancing
clinical outcomes, there is a paucity of robust evidence. In this
systematic review, we identified only a handful of RCTs
comparing AI-assisted tools with standard-of-care management
in various medical conditions. Among these RCTs, two-thirds
demonstrated improved primary or secondary end points
compared with the standard-of-care management. However, not
all of these end points are clinically relevant, that is, leading to
a change in the management plan, improving the treatment
results, shortening or avoiding hospital admissions, or reducing
mortality. Although we acknowledge that our definition of a
clinically relevant end point may be relatively narrow, we
believe that the absence of such end points in the RCTs shows
a clear deficit in the available evidence.
As expected, most of these studies came from economically
advanced, industrialized countries, which constituted two-thirds
of the RCTs included in this systematic review. China, as a
single nation, accounted for one-third of the RCTs. China’s
research in this area is empowered by immense amount of
resources invested in AI or machine learning (ML), internet, its
vast patient population, and the availability of a nationwide
electronic health record for hospitalized patients [55]. The
geographical distribution of these studies is important as AI or
ML relies on data fed to the system. Differences in genomic,
metagenomic, and even environmental factors may influence
disease patterns and the presentation of diseases. Therefore, it
is desirable to develop an AI or ML tool based on data collected
from different ethnic groups and tested in individual regions to
prove its efficacy. There is only one AI-assisted tool,
EndoScreener, which uses different ethnic groups in its
development and validation. It was originally developed and
trained using a different data set of endoscopic images including
an open-source database of endoscopic images from Spain.
Subsequently, the tool was validated in 4 prospective RCTs in
China and had been recently validated in a multicenter RCT in
the United States, proving its effectiveness. Future studies
should focus on validation of AI-assisted tools across different
ethnic groups and patient populations to ensure generalizability.
More biosignal-based AI-assisted tools have been studied than
clinical data–based tools in RCTs. The most widely used were
endoscopic images detecting adenoma during colonoscopy. The
adenoma detection algorithm appears to be easier for
cross-compatibility because of the distinct difference in
appearance between adenoma (or polyp) and normal mucosa
[56]. There were a total of 5 different AI-assisted adenoma or
polyp detection systems tested in 9 separate RCTs, all of which
successfully assisted endoscopists to detect more adenomas or
polyps during colonoscopy. However, only one study
successfully showed that the AI-assisted adenoma detection
system could improve adenoma detection of all sizes. Other
studies could only show improvement in diminutive adenoma
(<5 mm) or small adenoma (<10 mm) detection [39]. Advanced
adenoma or colorectal cancer detection was not improved by
the AI-assisted adenoma detection system used in these studies.
https://www.jmir.org/2022/8/e37188
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The US Multi-Society Task Force on Colorectal Cancer [57]
suggested that patients with 1 to 2 nonadvanced adenoma sized
<10 mm are at low risk and could have their surveillance
colonoscopy in 7 to 10 years. The value of improvement in
diminutive or small adenoma detection is uncertain. Among all
studies, there was only one reported long-term outcome, that
is, in-hospital mortality. Future studies should emphasize on
the impact of AI-assisted tools on the long-term clinical end
points.
Classical prediction models are typically clinical risk scores
derived from regression-based statistical models, which could
be considered an ML model that has been modified for clinical
use. Ideally, RCTs should be designed with a control arm (usual
clinical care), a “standard-of-care” clinical risk score arm, and
a novel AI-assisted tool arm. However, given the expense and
effort of a clinical trial, the SPIRIT-AI (Standard Protocol Items:
Recommendations for Interventional Trials-Artificial
Intelligence) extension guidelines clearly state the importance
of pre-existing evidence for AI intervention, with evidence that
the AI-assisted tool produces better performance compared with
the standard of care [58]. Although none of the RCTs found in
this systematic review used a multi-arm design, there have been
well-designed studies where more “complex” ML approaches
have outperformed regression-derived clinical risk scores on
external validation [7,59,60].

Conclusions and Recommendations
The findings of this systematic review are by no means to
discourage the use of AI in medicine. AI or ML can detect
signals in an immense data pool to develop algorithms for
clinical decision. Unlike humans, AI or ML can process
enormous quantities of data, perform consistently, and constantly
improve its performance by learning from new data. However,
for AI or ML to be implemented in daily clinical practice,
assisting clinicians in making important decisions,
proof-of-concept evidence is not sufficient. AI-assisted tools
must demonstrate unequivocal improvement in clinically
relevant outcomes in properly designed randomized controlled
clinical trials in which AI-assisted management is compared
with standard-of-care practice. Researchers should not only
focus on demonstrating the robustness of the AI algorithm in
concept studies but also on translating from code to bedside by
conducting RCTs in real-life clinical settings. From our
systematic review, automated polyp detection is the most widely
implemented AI technology in clinical practice, which sets a
good example of the pathway from algorithm development to
the implementation of AI technology in real-life clinical practice.
Another obstacle to the implementation of AI or ML in daily
clinical practice is the regulation of these technologies [8]. To
grant approval from regulatory bodies, scientific evidence is
required to support the safety and effectiveness of an AI-assisted
tool in clinical practice. The framework for AI health care
product development highlighted that RCTs are often
recommended to provide strong evidence to validate the clinical
efficacy and safety of an AI-assisted tool in real-world settings
[61]. More RCTs of AI-assisted tools integrated into clinical
practice are required to advance the role of AI or ML in
medicine. We should also test how machine intelligence and
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Abstract
Background: Artificial intelligence (AI) is rapidly expanding in medicine despite a lack of consensus on its application and
evaluation.
Objective: We sought to identify current frameworks guiding the application and evaluation of AI for predictive analytics in
medicine and to describe the content of these frameworks. We also assessed what stages along the AI translational spectrum (ie,
AI development, reporting, evaluation, implementation, and surveillance) the content of each framework has been discussed.
Methods: We performed a literature review of frameworks regarding the oversight of AI in medicine. The search included key
topics such as “artificial intelligence,” “machine learning,” “guidance as topic,” and “translational science,” and spanned the time
period 2014-2022. Documents were included if they provided generalizable guidance regarding the use or evaluation of AI in
medicine. Included frameworks are summarized descriptively and were subjected to content analysis. A novel evaluation matrix
was developed and applied to appraise the frameworks’ coverage of content areas across translational stages.
Results: Fourteen frameworks are featured in the review, including six frameworks that provide descriptive guidance and eight
that provide reporting checklists for medical applications of AI. Content analysis revealed five considerations related to the
oversight of AI in medicine across frameworks: transparency, reproducibility, ethics, effectiveness, and engagement. All frameworks
include discussions regarding transparency, reproducibility, ethics, and effectiveness, while only half of the frameworks discuss
engagement. The evaluation matrix revealed that frameworks were most likely to report AI considerations for the translational
stage of development and were least likely to report considerations for the translational stage of surveillance.
Conclusions: Existing frameworks for the application and evaluation of AI in medicine notably offer less input on the role of
engagement in oversight and regarding the translational stage of surveillance. Identifying and optimizing strategies for engagement
are essential to ensure that AI can meaningfully benefit patients and other end users.
(J Med Internet Res 2022;24(8):e36823) doi:10.2196/36823
KEYWORDS
artificial intelligence; translational science; translational research; ethics; engagement; reproducibility; transparency; effectiveness;
medicine; health care; AI

Introduction
Artificial intelligence (AI) allows computers to accomplish
tasks that normally require the use of human intelligence.
https://www.jmir.org/2022/8/e36823
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Creating AI, or an AI computer system, begins when developers
feed the system existing data and allow it to “learn.” This
learning experience enables AI to understand, infer,
communicate, and make decisions similar to, or better than,
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humans [1,2]. The use of AI in medicine is an area of rapid
growth, with worldwide spending on health care AI technologies
estimated to reach US $45 billion by 2026 [3]. AI is used across
numerous medical specialties, and can be applied to inform
medical decision-making in numerous ways, such as through
expediting and reducing the costs of drug discovery [4]; offering
insight that aids clinicians in diagnosing, prognosing, or
optimizing treatment plans at the point of care; and automating
medical administration activities such as appointment reminders
[5].
Numerous concerns have been raised regarding a lack of
oversight for the rapid development and expansion of AI in
medicine. Commentators have drawn attention to the potential
weaknesses and limitations of AI in medicine, including
challenges spanning ethical, legal, regulatory, methodological,
and technical domains [6]. These perspectives have highlighted
pitfalls such as implicit bias, reproducibility, and clinical validity
[7-9]. There is further concern that the methods for development
and approaches for evaluation of AI are not as robust and
rigorous as those of other medical interventions [10]. Although
several best practices for the design, implementation, and
evaluation of AI can be informed by the biostatistical and data
science literature, such guidelines are not sufficient to address
all concerns related to AI in medicine [11].
Translational science is the study of how to turn concepts,
observations, or theories into actions and interventions by
following defined stages of research and development. This is
done to improve the health of individuals and society [12]. The
stages of the translation for typical diagnostics and therapeutics
often follow a traditional pathway from ideation to community
implementation and social benefit [13]. Very clear, albeit
complex, translation pathways exist for diagnostics and
therapeutics, and are enforced by regulatory, funding, and ethical
review. For AI, the translational pathway is less well-defined
and overseen, but generally includes stages such as development,
design, validation, reporting, implementation, and scaling [14].
Nevertheless, questions remain regarding how to adapt
translational oversight mechanisms for AI in medicine [15].
Developing robust guidance for the oversight of AI along its
translational pathway is essential to facilitating its clinical
impact [16]. Several professional organizations have developed
frameworks to address concepts specific to the development,
reporting, and validation of AI in medicine [2,16-20]. These
frameworks are focused primarily on informing the
technological developers of AI (such as by offering guidance
on how to promote transparency in the design and reporting of
AI algorithms), rather than informing the clinical application
of AI [2,20]. Regulatory oversight of AI is also in nascent stages.
Guidance on how to critically evaluate actual applications of
AI in medicine are currently in development by the US Food
and Drug Administration (FDA) [21]. The European
Commission has led a multidisciplinary initiative to increase
the trustworthiness of AI [22,23], and the European Medicines
Agency has identified the regulation of AI as a strategic priority
[24].
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in medicine. In this study, we explored and characterized
existing frameworks regarding the oversight of AI in medicine.
We then identified specific considerations raised in these
frameworks and mapped them to different stages of the
translational process for AI.

Methods
Identification of Frameworks
We performed a literature review to identify guidance on the
use of predictive analytic AI in medicine. The search spanned
the PubMed, Web of Science, and Embase databases, and also
included a grey literature search of Google. Key terms for
searching included “artificial intelligence,” “machine learning,”
“guidance as topic,” and “translational science.” Documents
were included if they provided generalized guidance (ie, were
a framework) on applying or evaluating AI in medicine.
Documents that described specific AI applications without
offering overarching guidance on the use of AI were excluded.
The reference lists of included frameworks were screened for
additional relevant sources. Frameworks were not restricted to
the use of AI in any specific condition or medical setting. The
time period of the review was January 2014 to May 2022; 2014
was selected as the cut-off point, as this was the year when
regulatory agencies in the United States and Europe began using
the authorization designation of “software as a medical device,”
which includes regulation over AI.

Data Abstraction, Coding, and Analysis
A structured abstraction process was used to collect general
information about each framework, including title,
author/affiliation, year, summary, and intended audience.
Frameworks were analyzed using content analysis, which is an
approach for exploring themes or patterns from textual
documents [25]. Content analysis of text-based sources can be
either qualitative, where theory or themes are identified, or
quantitative, wherein numeric information is derived [26]. We
employed both approaches in this study. We first used
qualitative content analysis to identify the different topics
(“domains”) discussed by frameworks. Codes for these domains
were not developed a priori but were rather identified inductively
through a reading of the frameworks. Frameworks were
evaluated to assess whether they discussed each domain in
relation to each of the translational stages [27]. Stages of AI
translation were predefined to reflect the full AI product
lifecycle, including development, validation, reporting,
implementation, and surveillance. We used evaluation matrix
methodologies [28-30] to depict how many frameworks
described the domains identified through content analysis.
Data were visualized using several approaches. First, we used
spider plots to visualize, for each individual framework, how
many stages of translation were discussed in relation to each of
the five domains. Second, we applied a heatmap to depict the
number of frameworks discussing a given domain across each
translational stage. The heatmap cross-walked the domains
across the five stages of translation.

Identifying considerations for the oversight of AI across the
translational spectrum is essential to increasing the utility of AI
https://www.jmir.org/2022/8/e36823
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Results
Overview of the Frameworks
A total of 14 documents were included in the review, which are
summarized in Table 1. One framework was published in 2016
(Guidelines for Developing and Reporting [31]) and all others
were published from 2019 to 2020. Several of the frameworks
were developed through pathways with professional
organizations (AI in Health Care [32], CONSORT-AI [20],
SPIRIT-AI [2], DECIDE-AI [33]). All frameworks were
published as journal articles, and AI in Healthcare was published
as both a journal article [7] and a White Paper [32]; since the
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journal article was a synopsis of the White Paper, the latter was
used as the primary document of reference for this review. The
frameworks explored in this review were generally consensusrather than evidence-based. All but three frameworks [19,34,35]
identified greater than one intended audience, and typical
audiences included AI developers, investigators, clinicians,
patients, and policymakers. Frameworks provided either general
guidance on the use of AI in medicine, typically in narrative
prose (herein referred to as “descriptive frameworks”)
[19,32,34-37] or guidance specifically on the reporting of AI
studies in medicine, typically in checklist style (herein referred
to as “reporting frameworks”) [2,17,20,31,33,38-40].

Table 1. Summary of frameworks for the use of artificial intelligence (AI) in medicine.
Frameworks

Summary

Audience

[32]a

Describes general challenges and opportunities associated with the
use of AI in medicine

AI developers, clinicians, patients,
policymakers

Clinician Checklist, Scott et al
[34]

Describes recommendations on evaluating the suitability of AI appli- Clinicians
cations for clinical settings

Ethical Considerations, Char et
al [36]

Describes a roadmap for considering ethical aspects of AI with health AI developers, investigators, clinicians,
care applications
policymakers

Evaluating AI, Park et al [37]

Describes an evaluation framework for the application of AI in
medicine

Users’ Guide, Liu et al [19]

Describes an approach for assessing published literature using AI for Clinicians
medical diagnoses

Descriptive frameworks
AI in Healthcare, Matheny et al

Investigators, health care organizations

Reporting and Implementing In- Describes barriers to the implementation of AI in medicine and pro- Health care organizations
terventions, Bates et al [35]
vides solutions to address them
Reporting frameworks
20 Critical Questions, Vollmer
et al [17]

Proposes 20 questions for evaluating the development and use of AI
in research (20 reporting items)

Investigators, clinicians, patients, policymakers

Comprehensive Checklist, Cabitza and Campagner [38]

Proposes a comprehensive checklist for the self-assessment and
evaluation of medical papers (30 reporting items)

Investigators, editors and peer reviewers

CONSORTb-AI, Liu et al [20]a

Provides reporting guidelines for clinical trials evaluating interventions AI developers, investigators
with an AI component (25 core and 15 AI-specific reporting items)

CAIRcChecklist, Olczak et al [39] Provides guidelines and an associated checklist for the reporting of
AI research to clinicians (15 reporting items)

Investigators, developers, clinicians

DECIDE-AI, Vasey et al [33]a

Provides reporting guidelines for evaluations of early-stage clinical Investigators, clinicians, patients, polidecision support systems developed using AI (10 generic and 17 AI- cymakers
specific reporting items)

Guidelines for Developing and
Reporting, Luo et al [31]

Provides guidelines for applying and reporting AI model specifications/results in biomedical research (12 reporting items)

AI developers, investigators

MINIMARd, Hernandez-Boussard et al [40]

Provides minimum reporting standards for AI in health care (16 reporting items)

AI developers, investigators

SPIRITe-AI, Rivera et al [2]a

Provides guidelines for clinical trials protocols evaluating interventions AI developers, investigators
with an AI component (25 core and 15 AI-specific reporting items)

a

Publication associated with a professional organization; AI in Healthcare=National Academy of Medicine; CONSORT-AI=CONSORT Group;
DECIDE-AI=DECIDE-AI Expert Group; SPIRIT-AI=SPIRIT Group.
b

CONSORT: Consolidated Standards of Reporting Trials.

c

CAIR: Clinical AI Research.

d

MINIMAR: Minimum Information for Medical AI Reporting.

e

SPIRIT: Standard Protocol Items: Recommendations for Interventional Trials.
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Descriptive Frameworks

Reporting Frameworks

AI in Health Care

20 Critical Questions

Matheny and colleagues [32] synthesized current knowledge
related to the accountable development, application, and
maintenance of AI in health care. This narrative describes
existing and upcoming Al solutions, and underscores current
challenges, limitations, and best practices for AI development,
implementation, and maintenance.

Vollmer and colleagues [17] provided a set of 20 questions
focused on improving the transparency, replicability, ethics,
and effectiveness of AI methods in health care. Statutory
regulators and members of national advisory bodies and
academic organizations, mostly from the United Kingdom and
United States, collaboratively developed the questions.

Clinician Checklist

Comprehensive Checklist

Scott and colleagues [34] proposed a checklist to evaluate the
potential impact on clinical decision-making and patient
outcomes of emerging machine-learning algorithms. Targeted
toward clinicians, the checklist has been tailored for nonexperts,
and provides a brief background of relevant machine-learning
concepts and examples. The checklist addresses issues such as
validity, utility, feasibility, safety, and ethical use.

Cabitza and Campagner [38] proposed an extensive 30-item
checklist to assess the quality of medical machine-learning
studies. The checklist has been formatted both for authors to
evaluate their own contributions and for reviewers to indicate
where revisions may be necessary, and is organized in six
phases: problem understanding, data understanding, data
preparation, modeling, validation, and deployment.

Ethical Considerations

CONSORT-AI

Char and colleagues [36] outlined a systematic approach for
addressing ethical concerns surrounding machine-learning health
care applications, and highlighted the need for interdisciplinary
collaboration of diverse stakeholders. Evaluation and oversight
tasks are described at each stage of the machine-learning
pipeline from conception to implementation. Key questions and
ethical considerations address common concerns found through
a literature search as well as considerations that have received
less attention.

Liu and colleagues [20] extended the CONSORT (Consolidated
Standards for Reporting Trials) framework to include additional
considerations for the reporting of AI trials. The primary purpose
of the extension is to facilitate the transparent reporting of
interventional trials using AI, and the reporting checklist also
provides some guidance for the development and critical
appraisal of AI intervention studies.

Evaluating AI
Park and colleagues [37] highlighted the need for real-word
evaluations of AI applications in health care. They present the
phases of clinical trials for drugs and medical devices along
with how AI applications could be evaluated in a similar manner.
For each phase (including discovery and invention, technical
performance and safety, efficacy and side effects, therapeutic
efficacy, and safety and effectiveness), they propose appropriate
study designs and methods for AI evaluation.

Users’ Guide
Liu and colleagues [19] presented a users’ guide to inform
primarily clinicians about the major principles of machine
learning. They describe the need for effective machine-learning
model validation, review basic machine learning concepts, and
provide recommendations on effective ways to implement
machine-learning models in clinical medicine.

Reporting and Implementing Interventions
After presenting clinical examples of beneficial AI use, Bates
and colleagues [35] discuss three major bottlenecks slowing the
adoption of AI and machine-learning technologies in health
care: methodological issues in evaluating AI-based interventions,
the need for standards in reporting, and institution hurdles. They
also highlight the role of FDA regulation and consider the need
for rapid innovation in AI development.
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CAIR Checklist
Olczak and colleagues [39] proposed a checklist for reporting
medical AI research to clinicians and other stakeholders. They
describe common performance and outcome measures that
clinicians should be familiar with, and incorporate guidance
about which metrics should be presented at each stage of a
manuscript into the checklist. They also address ethical
considerations that arise from AI use in health care.

DECIDE-AI
Vasey and colleagues [33] presented reporting guidelines for
early-stage clinical trials of AI decision-support systems. The
checklist focuses on four key aspects: proof of clinical utility,
safety, the evaluation of human factors, and preparation for
larger trials. This checklist was developed through a consensus
process involving 151 experts and 20 stakeholder groups.

Guidelines for Developing and Reporting
Luo and colleagues [31] generated a set of guidelines on
reporting machine-learning predictive models in biomedical
research. The objective of these guidelines is to provide best
practices for AI in biomedical research. This framework includes
a list of minimum reporting items to be included in research
manuscripts and a set of recommendations for optimal use of
predictive models.

MINIMAR
Hernandez-Boussard and colleagues [40] proposed a list of
minimum information that should be reported for all medical
AI technologies. This list is intended to promote broader
discussion and help inform extensions to other checklists. The
four essential components in their guidelines include study
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population and setting, patient demographic characteristics,
model architecture, and model evaluation.

SPIRIT-AI
Rivera and colleagues [2] presented reporting guidelines to
evaluate clinical trial protocols involving interventions with an
AI component. The purpose of the guidelines is to promote
transparency and comprehensiveness for clinical trials with AI
interventions. The guidelines were developed as AI extensions
to the SPIRIT (Standard Protocol Items: Recommendations for
Interventional Trials) and CONSORT guidelines.
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Content Domains
Overview of Domains
We identified five domains through the content analysis,
including transparency, reproducibility, ethics, effectiveness,
and engagement. These domains are described in turn below.
Table 2 depicts each framework’s coverage of content domains
across translational stages. Figure 1 depicts the coverage of each
individual framework and Figure 2 presents the aggregate
coverage of frameworks as a heatmap.
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Table 2. Coverage of frameworks across content domains and translational stages.
Domain and stage

Descriptive frameworks

Reporting frameworks

AIa in
health
care

Clinician
Checklist

EthiEvalu- Users’ Reportcal
ating
Guide ing
ConAI
and
sideraImpletions
menting Interventions

20
Critical
Questions

Compre- CONCAIRc
hensive SORTb- CheckChecklist
AI
list

DEGuide- MINI- SPIRCIDE- lines for MARd ITeAI
DevelopAI
ing and
Reporting

✓

✓

✓

✓

✓

✓

✓

Transparency
Development
Validation
Reporting

✓

✓

Implementation
Surveillance

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

Reproducibility
✓

Development
Validation

✓

✓

Reporting

✓

Implementation

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓
✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

Surveillance
Ethics
Development

✓

✓

✓

✓

Validation

✓

✓

✓

✓

Reporting

✓

✓

✓

Implementation

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

Surveillance

✓
✓

✓
✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

Effectiveness
Development

✓

Validation
Reporting

✓

✓

✓

Implementation

✓

✓

✓

✓

✓

Surveillance

✓

✓

✓

✓

✓

✓

Engagement
Development

✓

✓

Validation
✓

Reporting

✓

Implementation
Surveillance
a

✓

✓

✓

✓

✓

AI: artificial intelligence.

b

CONSORT: Consolidated Standards for Reporting Trials.

C

CAIR: Clinical AI Research.

d

MINIMAR: Minimum Information for Medical AI Reporting.
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SPIRIT: Standard Protocol Items: Recommendations for Interventional Trials.

Figure 1. Coverage of frameworks across content domains. AI: artificial intelligence; CAIR: Clinical AI Research; CONSORT: Consolidated Standards
of Reporting Trials; MINIMAR: Minimum Information for Medical AI Reporting; SPIRIT: Standard Protocol Items: Recommendations for Interventional
Trials.
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Figure 2. Heatmap of the frameworks' coverage across the five stages of translation. Darker boxes indicate areas where more frameworks offered
guidance, whereas lighter boxes indicate areas where fewer frameworks offered guidance.

Transparency
Transparency describes how openly and thoroughly information
is disclosed to the public and the scientific community [41].
Transparency allows for independent evaluation of an AI
algorithm’s predictive power [42]. Involving stakeholders to
help identify errors and bias in development or implementation
also requires transparency [43]. Health care providers need
transparency to interpret and justify medical decisions that result
from AI use.
All but one framework (Evaluating AI) provided input on
transparency with regard to the development and reporting of
AI. Only four frameworks (AI in Health Care, Comprehensive
Checklist, Evaluating AI, 20 Critical Questions) commented
on transparency with regard to surveillance. Two frameworks
(20 Critical Questions, Comprehensive Checklist) commented
on transparency in regard to all five stages of translation. The
number of translational stages considered for transparency
ranged from 3 to 5, with an average score of 3.9 across all
frameworks. On average, descriptive frameworks discussed
transparency in regard to fewer stages of translation than
reporting frameworks (3.5 vs 4.1).

Reproducibility
Reproducibility describes how likely it is that others could
develop or apply an AI tool with similar results. Reproducibility
is a basic tenet of good scientific practice [44]. The ability to
reproduce AI models is key to external validation [45].
Reproducibility accounts for burdens such as costs and high
computational needs. Reproducibility in implementation and
https://www.jmir.org/2022/8/e36823
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surveillance is necessary to improve the widespread, equitable
use of AI.
All frameworks commented on reproducibility. Only one (20
Critical Questions) commented on reproducibility in regard to
all five stages of translation, and this was also the only
framework to comment on reproducibility in regard to the
surveillance of AI. Most frameworks described reproducibility
in relation to the validation, reporting, and implementation of
AI. Scores for reproducibility ranged from 1 to 5 with a mean
score of 2.9 across all frameworks. On average, descriptive
frameworks discussed reproducibility in regard to fewer stages
of translation than reporting frameworks (2.3 vs 3.3).

Ethics
Ethics considers values such as benevolence, fairness, respect
for autonomy, and privacy. Such values are essential to avoiding
harm and ensuring societal benefit in AI use [46]. Ethical
practice for the use of AI in medicine relies on collaboration
with ethicists, social scientists, and regulators. Racial, gender,
and insurance provider biases are the largest ethical concerns
with AI use [47].
Only one framework commented on ethical considerations
across all stages of translation (Ethical Considerations). Four
frameworks (AI in Health Care, 20 Critical Questions,CAIR
Checklist, and SPIRIT-AI) addressed ethical considerations for
development, validation, reporting, and implementation, and
one tool addressed ethical considerations for development,
validation, implementation, and surveillance (Evaluating AI).
Scores for ethics ranged from 2 to 5 with a mean score of 3.4.
On average, descriptive frameworks discussed ethics in regard
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to more stages of translation than reporting frameworks (3.7 vs
3.2).

Effectiveness
Effectiveness describes the success and efficiency of models
and methods when they are applied in a given context.
Effectiveness is concerned with matters such as data quality
and model fit during the development of AI models [48].
External validation helps ensure effective discrimination and
calibration to prevent overfitting [49]. Measures of effectiveness
should be clearly and consistently reported [20,48]. There is a
lack of appropriate benchmarks and standards of care to
accurately measure the clinical benefit of many AI models [50].
Strategies are needed to continually measure effectiveness after
implementation [17].
Four frameworks (Ethical Considerations, Users’ Guide, 20
Critical Questions, Comprehensive Checklist) commented on
effectiveness across all translational stages. All frameworks
reported on effectiveness as a consideration for the development
of medical AI. All but one framework (AI in Healthcare)
reported on effectiveness during validation. Six frameworks
commented on effectiveness as a consideration for surveillance
(AI in Health Care, Ethical Considerations, Evaluating AI,
Users’Guide, 20 Critical Questions, Comprehensive Checklist).
Scores for effectiveness ranged from 3 to 5 with a mean score
of 4.1. On average, descriptive frameworks discussed ethics in
regard to more stages of translation than reporting frameworks
(4.3 vs 3.9).

Engagement
Engagement explores to what extent the opinions and values of
patients and other end users or stakeholders are collected and
accounted for in decision-making. The degree of engagement
can range from consultation (lowest level) to partnership and
shared leadership [17]. In health research, using engagement
approaches has been demonstrated to increase study enrollment,
improve data quality, and improve the relevance of research
design and conduct [51]. Patient engagement can also improve
the quality and efficiency of health care, and reduce costs [52].
No frameworks considered engagement across all five stages.
Engagement was discussed in relation to development by four
frameworks (AI in Health Care, Ethical Considerations, 20
Critical Questions, DECIDE-AI) and in relation to reporting by
three frameworks (Ethical Considerations, DECIDE-AI,
SPIRIT-AI). No frameworks explored engagement in the
validation stage of translation. Scores for engagement ranged
from 0 to 3 with a mean of 0.8, which did not differ across
descriptive and reporting frameworks.

Discussion
Principal Findings
Frameworks for applying and evaluating AI in medicine are
rapidly emerging and address important considerations for the
oversight of AI, such as those regarding transparency,
reproducibility, ethics, and effectiveness. Providing guidance
on integrating stakeholder engagement to inform AI is not a
current strength of frameworks. Frameworks included in this
https://www.jmir.org/2022/8/e36823
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review were the least likely to provide guidance on using
engagement to inform the translation of AI in comparison to
other considerations. The relative paucity of guidance on
engagement reflects the larger AI landscape, which does not
actively engage diverse end users in the translation of AI. For
many stakeholders, AI remains a black box [53,54].
More than half of the frameworks provided reporting guidance
on the use of AI in medicine. Additionally, nearly all
frameworks in this review were published in 2019 or later.
Given the rapid expansion of the field, it is essential to assess
the consistency of recommendations across reporting
frameworks to build shared understanding.
A near-miss in this review was the Transparent Reporting of a
multivariable prediction model for Individual Prognosis or
Diagnosis (TRIPOD) Statement [55], which provides reporting
guidelines for studies using prediction models for diagnosis or
prognosis. As this framework is often used to evaluate AI
models, we did evaluate its content and found that it offered
comments on transparency, reproducibility, and effectiveness
in the translational stages of development, validation, and
reporting. It also provided considerations for ethics in the
validation of models, but not in other translational stages. It did
not pose any guidance on the use of engagement. A TRIPOD-AI
[18] extension is forthcoming, which is engaging diverse
stakeholders in its development. We hope that the guidelines
themselves will recommend the use of end-user engagement.
The content domains and stages of translation that we have
considered are far from exhaustive, and there are many other
features and specific stages of AI development, application, and
evaluation that are worthy of discussion. For instance, as the
scope of AI in medicine expands, it will require broadened
evaluation. For instance, there have been few economic
evaluations of AI tools in medicine, which may be a barrier to
their implementation [56]. Another form of evaluation might
include the use of randomized controlled trials to assess the
efficacy of tools in clinical contexts. Another consideration is
regarding conflicts of interest, and it will be important to
establish approaches to evaluate and mitigate potential conflicts
of interest.
None of the frameworks included in this review used an explicit
translational science lens to provide explicit guidance across
the AI life cycle. Having resources that detail considerations
for AI application and evaluation at each stage of the
translational process would be helpful for those seeking to
develop AI with meaningful medical applications. Resources
that could be helpful would include patient/community-centered
educational resources about the value of AI, a framework to
optimize the patient-centered translation of AI predictive
analytics into clinical decision-making, and critical appraisal
tools for use in comparing different applications of AI to inform
medical decision-making.
There was a paucity of guidance regarding the surveillance of
AI in medicine. Although some research has described the use
of AI to inform primarily public health surveillance [57,58],
little work—even outside of the frameworks included in this
review—has provided specific guidance on how to surveil the
use of AI with medical applications. Existing recommendations
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for the surveillance of pharmaceutical and other medical
interventions might be applicable to AI, but tailored
recommendations will also be needed. It is likely that
surveillance will need to be an ongoing process to provide
up-to-date information on how AI tools perform in light of new
clinical information and research, and to recalibrate AI tools to
incorporate this knowledge into clinical predictions [59].
The goal of the framework evaluations was not intended to
reflect the quality of the frameworks but rather to indicate the
coverage of AI guidance either at the individual framework
level (Figure 1) or across the literature (Figure 2). These
evaluations could be used as a quick reference for clinicians,
developers, patients, and others to identify which framework(s)
may provide the most relevant recommendations to their specific
AI application. For instance, CONSORT-AI was specifically
developed as a checklist to inform the reporting of AI research.
Although it had the lowest overall score, it provided
recommendations for reporting relevant to four out of the five
considerations raised in this review.
The field of AI in medicine could stand to learn from the clearer
methodological standards and best practices currently existent
in established fields such as patient-centered outcomes research
(PCOR) [51,60]. PCOR works to advance the quality and
relevance of evidence about how to prevent, diagnose, treat,
monitor, and manage health care; this evidence helps patients,
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caregivers, clinicians, policymakers, and other health care
stakeholders make better decisions. The translation of AI in
medicine lacks the user-centeredness that is central to PCOR
[61]. At a minimum, AI for use in medicine should be developed
by multidisciplinary teams, where stakeholders from relevant
fields (eg, bioinformatics, specific medical specialties, patient
experience) offer their expertise to inform the development of
a given AI application. Ideally, more integrated transdisciplinary
approaches, wherein stakeholders from relevant fields
collectively create shared knowledge that transcends their
individual disciplines, would be used to develop AI. Using a
transdisciplinary approach has the potential to create AI that is
technically robust, provides clinically relevant information, and
can be easily integrated into the clinical workflow to inform
patient and clinician decision-making.

Conclusion
There is a growing literature offering input on the oversight of
AI in medicine, with more guidance from regulatory bodies
such as the US FDA forthcoming. Although existing frameworks
provide general coverage of considerations for the oversight of
AI in medicine, they fall short in their ability to offer input on
the use of engagement in the development of AI, as well as in
providing recommendations for the specific translational stage
of surveilling AI. Frameworks should emphasize engaging
patients, clinicians, and other end users in the development, use,
and evaluation of AI in medicine.
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Abstract
Background: There is little consensus regarding effective digital health interventions for diverse populations, which is due in
part to the difficulty of quantifying the impact of various media and content and the lack of consensus on evaluating dosage and
outcomes. In particular, digital smoking behavior change intervention is an area where consistency of measurement has been a
challenge because of emerging products and rapid policy changes. This study reviewed the contents and outcomes of digital
smoking interventions and the consistency of reporting to inform future research.
Objective: This study aims to systematically review digital smoking behavior change interventions and evaluate the consistency
in measuring and reporting intervention contents, channels, and dose and response outcomes.
Methods: PubMed, Embase, Scopus, PsycINFO, and PAIS databases were used to search the literature between January and
May 2021. General and journal-based searches were combined. All records were imported into Covidence systematic review
software (Veritas Health Innovation) and duplicates were removed. Titles and abstracts were screened by 4 trained reviewers to
identify eligible full-text literature. The data synthesis scheme was designed based on the concept that exposure to digital
interventions can be divided into intended doses that were planned by the intervention and enacted doses that were completed by
participants. The intended dose comprised the frequency and length of the interventions, and the enacted dose was assessed as
the engagement. Response measures were assessed for behaviors, intentions, and psychosocial outcomes. Measurements of the
dose-response relationship were reviewed for all studies.
Results: A total of 2916 articles were identified through a database search. Of these 2916 articles, the title and abstract review
yielded 324 (11.11%) articles for possible eligibility, and 19 (0.65%) articles on digital smoking behavior change interventions
were ultimately included for data extraction and synthesis. The analysis revealed a lack of prevention studies (0/19, 0%) and
dose-response studies (3/19, 16%). Of the 19 studies, 6 (32%) reported multiple behavioral measures, and 5 (23%) reported
multiple psychosocial measures as outcomes. For dosage measures, 37% (7/19) of studies used frequency of exposure, and 21%
(4/19) of studies mentioned the length of exposure. The assessment of clarity of reporting revealed that the duration of intervention
and data collection tended to be reported vaguely in the literature.
Conclusions: This review revealed a lack of studies assessing the effects of digital media interventions on smoking outcomes.
Data synthesis showed that measurement and reporting were inconsistent across studies, illustrating current challenges in this
field. Although most studies focused on reporting outcomes, the measurement of exposure, including intended and enacted doses,
was unclear in a large proportion of studies. Clear and consistent reporting of both outcomes and exposures is needed to develop
further evidence in intervention research on digital smoking behavior change.
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Introduction
Background
There are few published data on exposure to and evaluations of
digital behavior change interventions, and to date, there is little
consensus regarding effective interventions for diverse
populations. This is because of the difficulty of quantifying
digital health interventions that use various media and content
and the lack of consensus on how to evaluate and report dose
and outcomes. However, digital health is developing rapidly,
and understanding the latest evidence is critical for research in
this field.
Digital media is central to and an integral part of modern life;
however, the study of its effects on health behavior is just
beginning [1]. As reported by the World Bank, 45% of the
world’s population or 3.5 billion people use social media.
Worldwide, the average user spends approximately 3 hours of
their day on social media [2]. Given the widespread exposure
to digital technologies such as social media, it is increasingly
important to understand how digital media affects individual
health decision-making and behavior, as well as social networks
and communities. These facts make it critically important to
understand how digital media influences behavior. Social and
behavioral scientists who study digital media must learn how
to design and evaluate effective behavior change interventions,
the evidence-based approaches that are effective, and how digital
media affects targeted outcomes.
Efforts to understand the practice of digital media interventions
have historically been made by public health scientists. Hu [3]
reviewed 348 journal articles and structured the subject, health
topics, technologies, and methods used for digital interventions
between 2008 and 2012. Abad et al [4] conducted a scoping
review on digital public health surveillance and revealed that
only 0.8% of the related studies between 2005 and 2020
deployed a digital health surveillance system that can be used
for monitoring and targeted interventions, despite its impact on
the study methodology and public health actions. A recent
systematic review by Seiler et al [1] found relatively few
rigorous studies on the effectiveness of digital media–related
behavior change campaigns and interventions. This review also
found that the reporting of design, measures, data collection,
and other methods needs to be improved and systematized.
Recommendations for improvements included clarification of
what is meant by dose and dose-response; how and with what
intensity interventions are delivered; and measurement of
outcomes, including attitudes, beliefs, social norms, and health
behavior. This review also reiterated a previous finding that
evidence for behavior change using digital interventions stems
primarily from studies conducted in high-income countries
[5-9].
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Although digital media has been used for a variety of public
health programs, one of the most rapidly changing areas is
digital smoking behavior change interventions. Owing to the
emerging products, devices, and policy changes, it has been
more difficult to systematically quantify and evaluate the
effectiveness of interventions in this area. Despite the
importance of using consistent measures and evaluation methods
to understand the impacts of interventions, little effort has been
made to understand the common measures and methods used
to evaluate the effectiveness of these interventions. There is a
need for an assessment of the measures used in this area to
inform future research to accurately evaluate the outcomes
across a variety of products and devices, as well as rapid policy
and market change. To the authors’ knowledge, no previous
systematic review has focused on the detailed measurements
used in digital smoking interventions.
Although tobacco use has declined overall [10], it remains at
unacceptable levels, exacting personal and social costs,
particularly among young adults [11,12]. Tobacco is the leading
preventable cause of death in the United States [13]. In the
United States, 18.2% of young adults aged 18 to 24 years
reported current use of tobacco products, and 10.4% reported
being current cigarette smokers [14]. Although the age at which
smokers initiate cigarette use has been increasing over time,
almost all cigarette use initiation occurs before the age of 26
years [12], making young adults a critical target for prevention
efforts. Given the widespread use of digital media among the
young adult population [15], digital interventions may be
promising.

Objective
To address these gaps in digital smoking behavior change
interventions, this review aimed to (1) systematically review
and codify the measures used for digital health interventions in
tobacco and nicotine use research, (2) evaluate the quality of
reporting of dose and response, and (3) identify areas for
improvement in the field.

Methods
This review followed the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) guidelines. The
protocol was registered in PROSPERO (International
Prospective Register of Systematic Reviews; ID
CRD42021285655).

Study Search
The PubMed, Embase, Scopus, PsycINFO, and PAIS databases
were used to search the literature. The search terms included
“digital intervention,” “health promotion,” “health education,”
“health communication,” “digital technology,” “social media,”
“social marketing,” “health,” “measures,” “methods,”
“frequency,” “impression,” and “reach.” General and
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journal-based searches were combined to find literature that
was directly related to the scope of the study. Specific journals
that were searched included The Lancet Digital Health, Journal
of Medical Internet Research, Digital Health, Social Networks,
npj Digital Medicine, Digital Medicine, Digital Biomarkers,
Frontiers in Digital Health, Communication Methods and
Measures, Health Technology Assessment, BMC Medical
Research Methodology, Computers in Human Behavior,
Computers in Biology and Medicine, Journal of Health
Communication, Journal of Communication in Healthcare,
Health Communication, Health Communication Science Digest,
Health Education and Behavior, Digital Medicine, International
Journal of Digital Healthcare, Journal of Health and Social
Behavior, American Journal of Health Behavior, Journal of
Behavioral Health, The Journal of Behavioral Health Services
and Research, Health Behavior Research, American Journal
of Health Promotion, Health Promotion Practice, Journal of
Prevention and Health Promotion, Health Promotion
International, International Journal of Health Promotion and
Education, and Journal of Health Promotion and Behavior. The
literature was searched between January and May 2021,
followed by a series of monthly searches to identify additional
studies. Search strategies and terms were developed in
collaboration with librarians at George Washington University.
All records searched through the database were imported into
Covidence systematic review software (Veritas Health
Innovation) and duplicates were removed.

Screening
Titles and abstracts were screened by 4 trained reviewers to
identify eligible full-text literature. Each study was screened
by 2 reviewers, and disagreements were resolved through
discussion between the reviewers. The inclusion criteria were
(1) publication after 2000, (2) full text available in English, (3)
peer-reviewed original journal articles, (4) health-related topics,
(5) at least one behavior change intervention defined, (6) use
of the internet or mobile-based platform for mass or targeted
communication, (7) use of digital devices, and (8) measurement
of original data related to behavior or psychosocial measures.
Behavior change interventions were defined as planned
programs that had stated objectives related to behavior change,
target populations, and targeted messages in text, audio, video,
graphics, or other distributed forms in a one-to-many format.
Studies that assessed at least one behavioral or psychosocial
measure defined in the social behavioral theories were included.
Studies that only measured engagement were excluded. Digital
media is defined as an internet-based platform for mass and
targeted communications, including social media, apps,
websites, software, blogging, and one-to-one chat platforms
used for mass and targeted communications (eg, WhatsApp).
Video games, emails, radio, and television were excluded from
digital media. Studies that used digital media as a channel for
one-to-one communication such as conversations between health
care providers and patients were also excluded.
After literature was screened using the abovementioned criteria,
articles related to smoking were extracted for this review. The
terms used for this process included “tobacco,” “smoking,”
“cigarette,” “vaping,” “vape,” “e-cig,” “ENDS,” “nicotine,”
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“hookah,” “JUUL,” “cigar,” “e-liquid,” “flavor,” “smokeless,”
“smoker,” and “vaper.” The literature search was repeated
replacing the term “health” with “smoking” and “vaping” on
the database, and we checked for the coverage of the articles
on the abovementioned topics.

Data Extraction and Synthesis
The data extraction and synthesis scheme was designed to
identify the format of the digital media intervention, the
measurement of each component that assessed dose and response
in the intervention, and the study design used in the research.
Dose measurement items were developed based on the concept
that exposure to digital health interventions can be divided into
2 parts [16]. The first part is the intended dose, which refers to
planned exposure by the intervention side. The other part is an
enacted dose that corresponds to a portion of the intended dose
that is actually completed by the participant. The dose
measurement items were designed so that doses can be expressed
as the frequency of the intervention multiplied by the length of
intervention component and amount of engagement, which
offers supplemental information about active involvement by
participants. In this review, the intended dose comprises the
frequency and length of the intervention, and the enacted dose
comprises engagement. Engagement was defined as the
interaction between the intervention content and the participants,
such as views, clicks, likes, comments, and shares. Response
equals the outcomes of the intervention, including behavior,
intention, and other psychosocial factors that were previously
confirmed to be connected in social behavioral change theories.
A dose-response relationship was defined as the association
between different levels of doses (exposure) and responses
(outcomes), and its application was assessed in this review.
The codebook for data extraction and synthesis was developed
in a Microsoft Excel format and piloted using 20 randomly
selected articles on digital health behavior change interventions.
The extracted data included basic information about the study,
types of digital media and devices used, modes of intervention,
measures used for intervention exposure, outcomes, engagement,
study designs, model applications, cost and funding information,
and source of bias. Data were converted into standardized forms
where necessary and checked for clarity of reporting. The
codebook had 3 types of input formats, including categorical
options with data validation; hence, coders could only type
prespecified responses, dichotomous options with data validation
that indicated yes or no, and free answers where coders could
leave notes. Coders were the same as the reviewers in the
screening phase, who had 4 weeks of training using this
codebook. The coding for this review started after the interrater
reliability met 80% agreement in the training. Disagreements
were resolved by discussion. The specific items extracted and
synthesized are summarized in the Results section.

Results
Overview
A total of 2916 articles were identified through a database
search, of which 2797 (95.92%) records were screened for titles
and abstracts after duplicates were removed. Title and abstract
review of the 2797 articles yielded 324 (11.58%) articles for
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possible eligibility, and 253 (9.05%) articles were screened for
the subject matter. Ultimately, of the 253 articles, 19 (7.5%)
articles on digital smoking behavior change interventions were
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included for data extraction and synthesis. The flow of literature
screening is presented in Figure 1.

Figure 1. Flowchart of literature screening.

Digital Interventions
A summary of digital smoking behavior change interventions
is presented in Table 1. Of the 19 studies included, 13 (68%)
focused on smoking cessation and some also included smoking
reduction as a secondary outcome that led to smoking cessation.
Several articles focused on promoting a social movement for
rejecting tobacco and reducing the influence of peer smoking,
and others had more general topics such as promoting healthy
lifestyles, tobacco-free lifestyles, and antitobacco norms.
Of the 19 studies, 10 (53%) studies used multiple digital media
platforms. Websites, apps, and social media were the most
frequently used channels. Among the studies that used single
digital media, Facebook (3/19, 16%), apps (3/19, 16%), websites
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(1/19, 5%), YouTube (1/19, 5%), and software (1/19, 5%) were
used. Multiple devices, including laptops, tablets, and
smartphones, were used in 53% (10/19) of the studies. Of the
19 studies, 2 (11%) used smartphones, and 1 (5%) study each
used tablets, cell phones, and a special device developed for the
intervention, respectively. Approximately 21% (4/19) of studies
did not explicitly report the devices used.
Of the 19 studies, 9 (53%) combined multiple modes of
communication for the intervention. SMS text messages, images,
and videos were typically used. Studies focusing on a single
mode used text messages (3/19, 16%), videos (1/19, 5%), or
images (1/19, 5%). Approximately 16% (3/19) of the studies
were unclear about the modes of communication.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e38470 | p.287
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Ichimiya et al

Table 1. Format of digital smoking interventions.
Source

Topic

Digital media

Device

Mode

Theoretical
model

Conceptual
model

Baskerville et al [17], Smoking cessation
Canada

Website, app, Facebook, and YouTube

Laptop and smartphone

Video, image, and arti- No
cles

No

Davis et al [18], Unit- Smoking cessation
ed States

YouTube and television

Desktop or laptop,
mobile device, and
television

Digital video advertisements and television advertisements

No

No

Goldenhersch et al
[19], Argentina

Smoking cessation

App and cardboard
headset device

Smartphone

Video, audio, and
group chat

No

No

Guillory et al [20],
United States

Tobacco-free lifestyle Digital and social me- Laptop and smartdia (not reported
phone
specifically), radio,
print, out of home,
and local events

Unclear

Yes

No

Hair et al [21], United Antitobacco social
States
movement

Social media, website, Laptop, tablet, and
YouTube, and televi- smartphone
sion

Unclear

No

No

Kenfield et al [22],
United States

Website, Fitbit One,
Laptop, smartphone,
and SMS text messag- and FitBit
ing

SMS text message

No

No

Kim et al [23], United Smoking cessation
States

Website (video, mo- Laptop, tablet, and
bile, and search adver- smartphone
tisements that direct
the campaign website)
and display

Video and image

No

No

Kim et al [24], United Smoking cessation
States
and reduction

Facebook

Laptop and smartphone

Video-, text- and, im- No
age-based materials

No

An et al [25], United
States

Smoking as part of
multiple themes

Websites

Laptop and phone

SMS text message,
image, video, and
phone call

Yes

No

Marler et al [26],
United States

Smoking cessation
and reduction

Apps

Other (The Pivot
Breath Sensor, a mobile Pivot app)

SMS text message

Yes

No

Masaki et al [27],
Japan

Smoking cessation

App, a connected
Smartphone and lapcloud system, a paired top
mobile exhaled carbon monoxide checker device, and a webbased PC software

Digital diary, videos, No
chatbot, and biomedical recording

No

Namkoong et al [28],
United States

Antitobacco social
movement

Facebook

Not reported

Videos, text, and pictures

Yes

Yes

Onezi et al [29], Saudi Smoking cessation
Twitter and WhatArabia
(smoking relapse pre- sApp
vention)

Not reported

Other (social media–based support
groups)

No

No

Romer et al [30],
United States

YouTube

Not reported

Video

No

No

Thrul and Ramo [31], Smoking cessation
United States

Facebook

Laptop, tablet, and
smartphone

Unclear

Yes

No

Tsoh et al [32], United Smoking cessation
States

Facebook

Tablet

Assessment, video
messages, 1-page
summary printout, or
email

No

No

Webb et al [33], Unit- Smoking cessation
ed Kingdom

App

Smartphone

Video, audio, quizzes, No
and quit coach
through digital chat

No

Bary-Weisberg et al
[34], Israel

Website and SMS text Cell phone (for SMS
messaging
text messaging)

SMS text message

No

Smoking as part of
multiple themes

Reduction of influence of peer smoking

Smoking cessation
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Source

Topic

Digital media

Device

Burford et al [35],
Australia

Smoking cessation

Other (The APRIL
Not reported
Face Aging software)

Approximately 68% (13/19) of the articles stated that specific
theoretical models applied to interventions, whereas 32% (6/19)
did not report any models. These models were defined as
previously published theoretical models related to social,
cognitive, and behavioral factors. Specific models mentioned
in the literature include the social cognitive theory [36],
transtheoretical models [37], theory of reasoned action, d theory
of planned behavior, self-determination theory [38,39], and
social branding framework. This study also reviewed the
application of conceptual models defined as frameworks
designed for specific interventions in the literature.
Approximately 95% (18/19) of the studies did not mention any
conceptual model specific to the interventions.

Measures of Dose and Response
The measures used to assess the dose (exposures), response
(outcomes), and form of measurement are summarized in Table
2. For response measures, 32% (6/19) of studies reported
multiple behavioral outcomes. Measures included smoking
status, smoking reduction, abstinence, quit attempts, successful
quitting, information search related to smoking cessation,
campaign-related topics, and the use of cessation aids. Of the
19 studies, 5 (23%) used multiple psychosocial measures, and
4 (21%) reported a single psychosocial measure. Approximately
37% (7/19) of studies did not report any psychosocial measures.
Intention (4/19, 21%), self-efficacy (4/19, 21%), awareness
(3/19, 16%), norms (2/19, 11%), and stage of change (2/19,
11%) were mainly used.
For dose measurements, the frequency of exposure, length of
exposure, and engagement were assessed. This was designed
under the assumption that the amount of dose can be expressed
as the sum of the intended dose and the enacted dose; the
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Mode

Theoretical
model

Conceptual
model

Image

Yes

No

intended dose equals the frequency of exposure multiplied by
the length of exposure planned by the intervention side, and the
enacted dose equals the amount of engagement that was actively
received by the targeted. Approximately 37% (7/19) of studies
explicitly reported the frequency of exposure, whereas 63%
(12/19) of studies were unclear on that point. Of the 19 studies,
3 (16%) studies reported the frequency per week, 3 (16%) other
studies reported the frequency per day, and 2 (11%) studies
reported that the frequency varied for each week. The length of
exposure was explicitly reported in 21% (4/19) of studies,
whereas 79% (15/19) of studies were unclear about this. All 4
studies that mentioned the length of exposure used videos for
the intervention. Engagement was measured in 58% (11/19) of
studies. Of the 19 studies, 8 (42%) reported multiple measures,
and 3 (16%) reported a single measure. Visits, clicks, log-ins,
and views were measured most frequently across different
modes of the intervention. Social media interventions reported
subscriptions, likes, comments, and postings of content. Finally,
42% (8/19) of studies did not report on engagement.
The dose-response relationship was assessed in 16% (3/19) of
studies using different levels of exposure. One of the studies
compared the effects of intervention between a standard-dose
group and a higher-dose group. Another study examined the
interaction between the time of exposure and the treatment arm.
One of the studies examined the relationship between
participants’ levels of active engagement and the targeted
behavior. Outcome assessment was self-reported in 68% (13/19)
of studies and a combination of self-report and objective
measurements in 21% (4/19) of studies. One of the studies
applied only objective measurements using tracking software,
and another study used an aggregated self-report measure that
assessed population-level awareness.
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Table 2. Measures used to assess dose and response.
Source

Response (outcome)
Behavioral

Dose (exposure)

Outcome report

Frequency of
exposure

Length of
exposure

Engagement

Baskerville et al Smoking cessation Intention to quit
[17], Canada
and use of cessation aid

No

No

Visit, installation No
of the app, and
posting content

Self-reported

Davis et al [18], Not measured
United States

Advertisement
awareness

No (gross rating points
used); depends on the
size of the
market

Yes (30-second advertisements)

Not measured

Yes

Self-reported

Goldenhersch et Abstinence
al [19], Argentina

Readiness to quit

Yes (every
day)

Yes (10minute
videos)

Not measured

No

Self-reported

Guillory et al
[20], United
States

Not measured

Awareness and receptivity

No

No

Not measured

Yes (time×treat- Self-reported
ment interaction)

Hair et al [21],
United States

Current cigarette
use

Advertisement
awareness and intentions

No

No

View

No

Other; aggregated
self-reported advertisement recall
across people
grouped by time
(weeks) to form a
measure of advertisement awareness

Kenfield et al
[22], United
States

Smoking

Not measured

Yes (4-5 SMS No
text messages
each week)

Activity data
from Fitbit, response to SMS
text messages,
website log-in,
and page view

No

Self-reported

Kim et al [23],
United States

Campaign-related
topics search

Not measured

No

No

Visit, impressions, and clicks

No

Measured objectively

Kim et al [24],
United States

Smoking reduction Antismoking attitudes, readiness to
quit, motivation to
quit, self-efficacy
beliefs, and perceived social support

Yes (different
each week)

No

Likes and comments

Yes

Self-reported

An et al [25],
United States

30-day abstinence
from cigarette
smoking

Not measured

Yes (weekly)

No

Not measured

No

Self-reported

Marler et al
[26], United
States [26]

Quit attempts,
cigarettes per day
reduction, and abstinence

Stage of change,
desire to quit,
readiness to quit,
confidence to quit,
difficulty to quit,
and goals

Yes (>4 times No
use a day); up
to twice weekly SMS text
messages

Not measured

No

Both

Masaki et al
[27], Japan

Smoking cessation Not measured

No

No

Not measured

No

Both

No

Likes and comments

No

Self-reported

Namkoong et al Smoking-related
[28], United
information seekStates
ing
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Attitude, descrip- Yes (every
tive norms, subjec- day)
tive norms, behavioral control, and
behavioral intention
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Behavioral
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Dose (exposure)

Outcome report

Frequency of
exposure

Length of
exposure

Engagement

Onezi et al [29], Smoking cessation Not measured
Saudi Arabia
and smoking frequency

No

No

Subscription to a No
social media support group

Romer et al
[30], United
States

No

Yes (approxi- Not measured
mately 4-5
seconds and
display of
messages)

No

Self-reported

Thrul and Ramo Purposeful 24-hour Not measured
[31], United
smoking quit atStates
tempt

No

No

Not measured

No

Self-reported

Tsoh et al [32],
United States

No

Yes (videos
ranged from
8 to 65 seconds, averaging 29 seconds in
length); patients
watched 14
to 22 video
segments depending on
their responses

Session completion and patientprovider discussion

No

Both

Not measured

Psychosocial

Dose-response

Smoking norms,
mortality beliefs,
and smoking attitudes

Smoking abstiNot measured
nence, 24-hour quit
attempts, and quit
methods

Self-reported

Webb et al [33], Smoking status,
United Kingself-reported 7-day
dom
point prevalence
abstinence at 4
weeks after the
quit date, 14-day
point prevalence
abstinence, and
any additional quit
attempts after the
quit date

Attitudes and per- No
ceptions of smoking; self-reported
changes in confidence levels,
knowledge, attitudes, and perceptions related to
smoking cessation;
and changes in
Smoking Abstinence Self-efficacy
questionnaire

No

App opens, stage No
progression,
number of messages sent, checkins, and diary entries

Self-reported

Bary-Weisberg Smoking status
et al [34], Israel

Self-efficacy

No

Keywords sent
on text

No

Self-reported

No

Not measured

No

Both

Burford et al
[35], Australia

Yes (different
each week)

Successful quitting Progression along No
and quit attempts
the transtheoretical
stages of change
model and selfperceptions and attitudes toward
smoking behavior

Quality of Reporting
The clarity of reporting was assessed for media role, dose and
response measurement, and funding sources. The findings on
clarity of reporting, study design, and bias are summarized in
Table 3.
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The role of media was clearly reported in all the studies (19/19,
100%). Behavior was clearly measured in all 15 studies that
assessed behavioral outcomes. Among the 12 studies that
assessed psychosocial outcomes, 11 (92%) reported them
clearly, whereas 1 (8%) was unclear about its measurement.
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Table 3. Clarity of measures and reporting.
Source

Clarity of Response (outcomes)
media
role

Dose (exposure)

Study design

Bias

Funding
source

Generalizability Yes
and self-report

Behavior
report

Psychosocial Intervention
report
duration

Data collec- Engagement
tion duration report

Baskerville et al Yes
[17], Canada

Yes

Yes

Unclear

2 to <3
months

Yes

Quasi-experimental study

Davis et al [18], Yes
United States

N/Aa

Yes

Unclear

Unclear

N/A

Nonexperimen- Randomization
tal study
and self-report

Yes

Goldenhersch et Yes
al [19], Argentina

Yes

Yes

2 weeks to
<1 month

2 to <3
months

Yes

Experimental
study

Short period of
data collection

Yes

Guillory et al
[20], United
States

Yes

N/A

Yes

Unclear

>1 year

N/A

Quasi-experimental study

Aided awareness report (recall bias)

Yes

Hair et al [21],
United States

Yes

Yes

Yes

Unclear

>1 year

No

Nonexperimen- Representative- Yes
tal study
ness

Kenfield et al
[22], United
States

Yes

Yes

N/A

2 to <3
months

2 to <3
months

Yes

Experimental
study

Kim et al [23],
United States

Yes

Yes

N/A

2 to <3
months

2 to <3
months

Yes

Nonexperimen- Generalizability Yes
tal study

Kim et al [24],
United States

Yes

Yes

Yes

2 weeks to
<1 month

1 to <2
months

Yes

Nonexperimen- Self-report,
tal study
small sample
size, and representativeness

Yes

An et al [25],
United States

Yes

Yes

N/A

1 to <2
months

2 to <3
months

N/A

Experimental
study

Yes

Marler et al
[26], United
States

Yes

Yes

Yes

2 to <3
months

2 to <3
months

N/A

Nonexperimen- Generalizability Yes
tal study

Masaki et al
[27], Japan

Yes

Yes

N/A

4 to <6
months

6 months to
<1 year

N/A

Experimental
study

Representative- Yes
ness

Namkoong et al Yes
[28], United
States

N/A

Yes

2 weeks to
<1 month

2 weeks to
<1 month

No

Quasi-experimental study

Representative- No
ness

Onezi et al [29], Yes
Saudi Arabia

Yes

N/A

Not reported Not reported Yes

Nonexperimen- Generalizability Yes
tal study
and cross-sectional

Romer et al
[30], United
States

Yes

N/A

Yes

Not reported Not reported N/A

Quasi-experimental study

Thrul and Ramo Yes
[31], United
States

Yes

N/A

1 to <2
months

6 months to
<1 year

N/A

Nonexperimen- Self-report (re- Yes
tal study
call bias), representativeness,
and low test
power

Tsoh et al [32],
United States

Yes

Yes

N/A

Other

2 to <3
months

Yes

Nonexperimen- No control and
tal study
self-report

Webb et al [33], Yes
United Kingdom

Yes

Yes

2 weeks to
<1 month

6 months to
<1 year

Yes

Experimental
study

Bary-Weisberg Yes
et al [34], Israel

Yes

Yes

4 to <6
months

Unclear

Yes

Nonexperimen- Representative- Yes
tal study
ness

Burford et al
[35], Australia

Yes

No

Not reported 4 to <6
months

N/A

Experimental
study

Yes
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Representative- Yes
ness

Self-report (recall bias)

Generalizability Yes
and control setting

Yes

Generalizability Yes
and biased sample

No blinding

No
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N/A: not applicable.

The duration of intervention was unclear in 21% (4/19) of
studies and was not reported in 16% (3/19) of studies. Of the
19 studies, 12 (63%) reported this explicitly. The intervention
duration ranged from 10 minutes to 6 months. One of the studies
(1/12, 8%) reported it in the range as it varied among
participants because of the customization function of the digital
intervention. Of the 19 studies, the intervention duration was 2
weeks to a month in 4 (33%) studies, 1 to 2 months in 2 (17%)
studies, 2 to 3 months in 3 (25%) studies, and 4 to 6 months in
2 (17%) studies. The duration of data collection was unclear in
11% (2/19) of studies and was not reported in 11% (2/19) of
studies. It ranged from 2 to 3 months in 47% (7/15) of studies,
6 months to a year in 20% (3/15) of studies, and >1 year in 13%
(2/15) of studies. Approximately 7% (1/15) of studies each
collected data for 2 weeks to a month, 1 to 2 months, and 4 to
6 months, respectively. The reporting of engagement was clear
in 82% (9/11) of the studies that assessed engagement.
Of the 19 studies, 6 (32%) applied experimental study designs,
4 (21%) used quasi-experimental designs, and 9 (47%) used
nonexperimental study designs. Quasi-experimental designs
were defined as studies with a control group that did not involve
random assignment. Of the 6 experimental studies, 3 (50%)
reported representativeness and a biased sample as a potential
source of bias. Quasi-experimental studies reported that
self-reporting and aided recall were threats to bias (2/4, 50%).
Lack of randomization, self-reporting, small sample size, and
lower statistical power were frequently reported, in addition to
generalizability and representativeness among nonexperimental
studies. Of the 19 studies, 17 (89%) reported a source of
funding, and 2 (11%) did not report this information.

Discussion
Principal Findings
This study identified the literature on digital behavior change
interventions related to smoking and addressed the current
practice of measuring and reporting intervention contents,
channels, and dose and response outcomes. Data synthesis
showed that both measurement and reporting were inconsistent
across studies, illustrating the current challenges in this field of
research.
This review revealed a lack of preventive studies on tobacco
and nicotine use. Among 324 digital behavior change
intervention papers, only 19 (5.9%) papers were relevant to
smoking, and none centered on preventing its initiation.
Although a literature search detected numerous prevention
research papers, this review only included papers that assessed
behavioral and psychosocial outcomes and did not include
studies that focused on perceptions and engagement. This lack
of research may reflect the fact that prevention studies for digital
interventions remain at an early stage of identifying the basic
conditions to make interventions engaging and effective rather
than measuring the effectiveness of such interventions in
achieving behavior change. This may also be because of a lack
of funding in prevention research, as well as challenges in

https://www.jmir.org/2022/8/e38470

XSL• FO
RenderX

long-term follow-up to detect differences in smoking initiation
rates.
Another gap in the literature on digital health identified in this
review was the dose-response relationship. Although the
effectiveness of interventions depends on the amount of
exposure, only 16% of the literature has assessed the outcomes
across different levels of doses.
The biggest issue was the inconsistency and vagueness of the
reporting. Most studies paid attention to reporting outcomes
and were relatively clear on their measurements in the methods
sections. However, reporting of the amount of intervention
offered to participants and the actual engagement was often
unclear and not explicitly mentioned in a large proportion of
studies. Insufficient details on the amount of exposure make it
more difficult to compare outcomes across studies and conduct
meta-analyses, which hinders the provision of evidence on
effective digital interventions.
These findings were consistent with previous research on digital
health interventions. Hu et al [3] found that only 10.6% of papers
on digital health focused on health promotion and interventions,
and only 2.6% centered on substance use, including tobacco
use. Abad et al [4] pointed out that only 6.8% of the literature
on digital health focused on smoking. Another review by Seiler
et al [1] demonstrated that there have been relatively few
rigorous studies on the effectiveness of digital behavior change
interventions, and the reporting of design, measures, data
collection, and other methods need to be improved [5].
The amount of exposure to an intervention can be divided into
the intended dose planned by the intervention side and the
enacted dose that was completed by the participant side. Dose
can be expressed as the frequency multiplied by the length of
the intended intervention dosage, and the amount of engagement
can offer information about the enacted dosage. Clarifying these
elements in the literature will lead to the promotion of
comparable reporting and advancement of the evidence
development of digital health interventions.
The types of behaviors used to report the outcomes were mixed.
It can be divided into (1) targeted behavior (ie, smoking
cessation), (2) surrogate behavior (ie, smoking reduction), and
(3) behavior related to the improvement of the likelihood of
conducting targeted behaviors (ie, use of cessation aid and
smoking cessation information search). Although the
measurement of these outcomes was predominantly
self-reported, some studies combined objective measurements.
The methods of objective measurement included (1) biochemical
devices (eg, exhaled carbon monoxide tracker), (2) automatic
digital tracking (eg, for information searches), (3) electronic
health records, and (4) group-level psychological measures (eg,
group-level awareness of campaigns). Leveraging these
emerging methods will enhance the validity and reliability of
measurements and advance evidence-based digital health
interventions.
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Strengths
To the best of our knowledge, this is the first study to review
the dose and response measurements of digital smoking
interventions. Dose measures were divided into the intended
dose from the intervention side and the enacted dose that was
actually completed by the participant side. The intended dose
was separately assessed for frequency and length. Response
measures were organized into behavioral and psychosocial
outcomes, and measurement methods were assessed to determine
their validity. The proportion of dose-response relationship
studies was identified to determine the stage of current research
in the field. The literature search combined general and
journal-specific searches and yielded 2916 studies that showed
high coverage.
Research gaps exist in assessing digital behavior change
interventions with clear dose and response measurements and
the dose-response relationship between the levels of intervention
exposure and outcomes. More prospective studies are needed
to examine the relationship between higher and lower dosages
of interventions on smoking outcomes. For example, a
well-designed dose-response relationship study on vaping
outcomes among a specific population will identify the effective
amount of digital intervention to prevent the initiation and
decrease the amount of e-cigarette use. This will provide
evidence for identifying the effective amount of intervention
and offer grounds for conducting well-designed meta-analyses
that synthesize evidence for digital behavior change
interventions. This paper contributes to building a base for these
studies.

Limitations
This review had several limitations. First, the number of studies
included in this analysis was small. This was mainly because
of the lack of digital behavior change intervention studies related
to smoking and the measurement of behavioral and psychosocial
outcomes in the current phase in the area. Second, the risk of
bias assessment was omitted from the review. This was because
of the nature of the mixed study designs in the included studies
as there is little risk of bias assessment tools intended to apply
to a variety of study designs. Instead, the quality of the papers
was assessed by reviewing and evaluating the study design,
theoretical model application, conceptual model application,
cost, funding source, and bias source. In addition, the clarity of
the media role and every measure of dose and response were

Ichimiya et al
assessed as part of the review for each study. When digital
smoking behavior change interventions become more common
and more literature can be included in the future, these
limitations can be minimized.

Conclusions
There are challenges in every emerging area of scientific
research. Digital smoking interventions are a new and growing
area of research involving continuous and rapid advancements
in technologies for health intervention delivery, implementation,
and dissemination. This characteristic implies that it is essential
to use consistent, standardized methods to evaluate the outcomes
to accurately understand the efficacy and effectiveness of the
interventions in rapid change, particularly in this area. For future
improvement in this realm, this study assessed the consistency
of measures used to quantify the dose and response in digital
smoking interventions. These results suggest that both dose and
response measures are often not clearly defined and are
inconsistent across studies. This can imply that synthesizing
the evidence on digital smoking interventions has been a
challenge, and past studies could have been based on vague
reporting and outcome evaluations. This is particularly an issue
as interventions to date could be based on biased findings.
This study details and structures the composition of evaluation
measures and assesses their use in digital smoking intervention
studies. To the best of our knowledge, this is the first study to
review dose and response measurements of digital smoking
interventions. Although it has limitations such as the small
number of papers included and the limited risk of bias
assessment, the study successfully (1) reviewed and codified
measures used for digital health interventions in tobacco and
nicotine use research, (2) evaluated the quality of reporting of
dose and response, and (3) identified areas for improvement in
the field. More prospective studies that examine the clarity and
consistency of measures among a larger number of studies are
needed to develop further grounds for evidence-based digital
smoking interventions. There is also a need for a clear and
consistent reporting scheme for digital health interventions to
accurately evaluate outcomes and conduct well-designed
meta-analyses. Provision of clear and consistent reporting of
both outcomes and exposures is needed to develop further
evidence in this field that leads to protecting the lives and health
of the public.
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Abstract
Background: The RAND/UCLA Appropriateness Method (RAM), a variant of the Delphi Method, was developed to synthesize
existing evidence and elicit the clinical judgement of medical experts on the appropriate treatment of specific clinical presentations.
Technological advances now allow researchers to conduct expert panels on the internet, offering a cost-effective and convenient
alternative to the traditional RAM. For example, the Department of Veterans Affairs recently used a web-based RAM to validate
clinical recommendations for de-intensifying routine primary care services. A substantial literature describes and tests various
aspects of the traditional RAM in health research; yet we know comparatively less about how researchers implement web-based
expert panels.
Objective: The objectives of this study are twofold: (1) to understand how the web-based RAM process is currently used and
reported in health research and (2) to provide preliminary reporting guidance for researchers to improve the transparency and
reproducibility of reporting practices.
Methods: The PubMed database was searched to identify studies published between 2009 and 2019 that used a web-based
RAM to measure the appropriateness of medical care. Methodological data from each article were abstracted. The following
categories were assessed: composition and characteristics of the web-based expert panels, characteristics of panel procedures,
results, and panel satisfaction and engagement.
Results: Of the 12 studies meeting the eligibility criteria and reviewed, only 42% (5/12) implemented the full RAM process
with the remaining studies opting for a partial approach. Among those studies reporting, the median number of participants at
first rating was 42. While 92% (11/12) of studies involved clinicians, 50% (6/12) involved multiple stakeholder types. Our review
revealed that the studies failed to report on critical aspects of the RAM process. For example, no studies reported response rates
with the denominator of previous rounds, 42% (5/12) did not provide panelists with feedback between rating periods, 50% (6/12)
either did not have or did not report on the panel discussion period, and 25% (3/12) did not report on quality measures to assess
aspects of the panel process (eg, satisfaction with the process).
Conclusions: Conducting web-based RAM panels will continue to be an appealing option for researchers seeking a safe, efficient,
and democratic process of expert agreement. Our literature review uncovered inconsistent reporting frameworks and insufficient
detail to evaluate study outcomes. We provide preliminary recommendations for reporting that are both timely and important for
https://www.jmir.org/2022/8/e33898
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producing replicable, high-quality findings. The need for reporting standards is especially critical given that more people may
prefer to participate in web-based rather than in-person panels due to the ongoing COVID-19 pandemic.
(J Med Internet Res 2022;24(8):e33898) doi:10.2196/33898
KEYWORDS
quality indicators; health care; web-based; virtual; RAND/UCLA appropriateness method; research design; de-implementation;
digital health; health research; virtual health research; health technology; researchers; medical professionals

Introduction
The RAND/UCLA Appropriateness Method (RAM), a variant
of the Delphi Method, was developed to synthesize existing
evidence and the clinical judgement of a panel of medical
experts. The goal of this method is to produce recommendations
for appropriate treatment of specific clinical presentations, given
current best evidence [1]. This method has been widely used to
develop care recommendations and performance measures that
define quality of care [2-6]; it provides a transparent and
systematic approach that can garner trust and acceptance among
physicians, other clinicians, patients, payers, and health systems
[7].
The RAM classically involves engaging credible experts to
evaluate specific clinical presentations in a 2-round rating
process. In the initial round, experts independently rate each
clinical scenario. During the second round, panelists participate
in a 1 to 2-day in-person session where they have an opportunity
to review and discuss each other’s first round ratings, revise the
initial list of scenarios, and individually rerate each clinical
indication. Indications are categorized as “appropriate,”
“uncertain,” or “inappropriate” based on panelists’ median score
and level of disagreement [1]. Compared to the standard Delphi
Method, the RAM does not require panelists to reach group
consensus after multiple rating rounds [1,8].
A difficulty in convening appropriate experts in person is their
often-limited time and capacity to participate. Thus, there is a
need to identify best practices for conducting expert panels via
the internet not only to lower barriers to experts’ participation
but also to reduce the costs involved with implementing
traditional in-person RAMs. While the use of RAMs with a
web-based component in health research was increasing prior
to COVID-19, the pandemic has greatly accelerated the need
for web-based alternatives with improved technology and
end-user familiarity with these tools.
While there is a substantial body of literature describing and
testing various aspects of the traditional in-person or hybrid
RAMs, few studies report using a completely web-based RAM,
and even fewer provide detailed descriptions on how the expert
panels were conducted. There is often little information or
guidance for designing approaches to meet the goals of specific
studies. Boulkedid et al [9] published a systematic review of
80 articles published through 2009, finding that 63% used a
“modified” Delphi Method but lacked enough detail to replicate
or judge the quality of modified approaches to developing
recommendations for quality health care indicators. Moreover,
measures of process quality, such as consistent panelist
engagement, are rarely reported. Because best practices for
https://www.jmir.org/2022/8/e33898
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conducting virtual RAMs are unclear and reporting is
inconsistent, we conducted a literature review to develop
preliminary recommendations for implementing and reporting
virtual RAMs.

Methods
Literature Search and Data Abstraction
In March 2019, we searched PubMed to identify studies
published from 2009 to 2019 that reported using a virtual RAM
to measure the appropriateness of medical care. The following
search terms were used to identify relevant articles:
“RAND/UCLA Appropriateness Method” OR “RAND
Appropriateness Method” OR “Modified RAND” OR “RAND
AND panel” AND “online OR e-delphi OR web OR virtual.”
The full search strategy can be found in Multimedia Appendix
1. Two reviewers (JS and LD) screened each article and
developed a list of inclusion and exclusion criteria, which are
described in Multimedia Appendix 2. To be included, articles
must have used the RAM to measure the appropriateness of
medical care or focused on the development of clinical practice
guidelines or performance measures. Moreover, the expert panel
ratings must have been completed on the internet. Web-based
ratings could include a teleconference component. Articles were
included even if they did not report a rerate session or discussion
period among panelists. Non-English articles and articles
published prior to 2009 were excluded. Studies with goals not
aimed toward providers (eg, improving support for patient
caregivers) were also excluded. Additionally, articles were
excluded if they were reviews or summaries of the literature.
Relevant panel process data (ie, first author, year published,
title, mode of administration, topic, and objectives) from each
article included in our review were abstracted in a predefined
matrix (Multimedia Appendix 3 [2,10-21]). Team members (JS,
MK, and SS) independently abstracted the same sample of
articles twice to (1) ensure that the basic data collected have
been correctly entered in the spreadsheet and (2) verify that the
selection criteria have been appropriately applied.
Subsequently, we expanded the Delphi reporting categories
recommended by Boulkedid et al [9], which formed the basis
of our article abstraction template. Specifically, we organized
descriptions with respect to the following categories adapted
from Boulkedid et al [9]: (1) composition and characteristics
of the web-based RAM expert panels; (2) characteristics of the
web-based RAM panel procedures; (3) results; and (4) panel
satisfaction and engagement. Additional information abstracted
into the matrix included the following: (1) descriptions of how
quality indicators were selected; (2) the method used for
participant recruitment; (3) whether materials were sent to
participants prior to the first expert panel rating; (4) Delphi
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panel size and composition, as well as the duration of time the
panel was convened; (5) purpose of convening the RAM panels;
(6) criteria used to rate indications; (7) the web-based system
used to host the panels; (8) the number of reported Delphi
rounds; (9) description of feedback provided to panelists; and
(10) descriptions of participation levels in the discussion rounds.
Additionally, we captured information about second or third
rounds of ratings and how the final list of indications was
selected. Lastly, we captured information about panelist
satisfaction and engagement. Four authors (JS, LD, MK, and
SS) completed a second, more detailed, data abstraction. The
authors independently reviewed each article and completed
several rounds of data verification.

Ethics Approval
The ASSURES study was approved by the Ann Arbor VA
Healthcare System IRB (project ID: 1597260).
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Results
Article Selection
We identified 78 articles that reported using an “online” or
“virtual” RAM from our narrative review; 26/78 (33%) articles
were excluded based on the title or abstract (Figure 1). A
full-text review of 52/78 (67%) articles was completed, resulting
in the exclusion of an additional 39/52 (75%) articles; 13/52
(25%) articles were included in the review. We combined 2
published articles that met the inclusion criteria but described
different facets of the same study, so the final review included
12/52 (23%) unique studies. Subsequent calculations are based
on these 12 studies. The studies included in this literature review
used completely web-based RAM approaches to accomplish
their goals that ranged from developing quality performance
measures or indicators to setting clinical practice standards.
Throughout the manuscript, we use the term “indication” or
“indicator” to standardize the description of statements panelists
were asked to approve during the RAM process. Based on our
narrative review, we developed foundational reporting
recommendations from Boulkedid et al [9].

Figure 1. Article search and selection flowchart. RAM: RAND/UCLA Appropriateness Method.
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Recruitment and Composition of Web-Based Expert
Panels
Table 1 summarizes the characteristics of the RAM expert panels
included in our review [2,10-21]. The methods for identifying
and recruiting participants were not reported in 5/12 (42%)
studies [13-15,18-20]. Of those who relied on professional
networks or a snowball sampling approach, 3 (50%) reported
inviting prospective participants via email [10,11,17].
The number of people invited to participate in the panels was
reported in 9/12 (75%) of studies, ranging from 20 to 352 people
with a median of 50 [2,10-13,16,17,20,21]. Of the 12 studies,
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9 (75%) reported the number of panelists who participated in
at least the first rating, ranging from 10 to 102 individuals, with
a median of 42 [2,10-13,16-21]. In addition, all studies described
included the types of stakeholders or experts who participated
in the panels. In 11/12 (92%) studies, panelists were clinicians
related to the topic studied [2,10-13,16-21]; 5 (42%) also
included patients or people living with the condition studied
[2,11,12,17,21]. Three-quarters of studies (9/12) had between
one and two types of stakeholders. An additional 2 (17%) studies
included three types of stakeholders; 1 (8%) study reported four
or more types.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e33898 | p.301
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Sparks et al

Table 1. Characteristics of the RAND/UCLA Appropriateness Method panels and procedure included in literature review (N=12).
Characteristics

Values

Methods for recruiting individuals (7/12, 58%), n (%)
Professional networks or stakeholders

6 (86)

People invited to participate (9/12, 75%), median (min-maxa)

50 (20-352)

Participated in first rating (9/12, 75%), median (min-max)

42 (10-102)

Type of stakeholdersb, n (%)
Cliniciansc

11 (92)

Patients

5 (42)

Other

5 (42)

Stakeholder types per study, n (%)
1

6 (50)

2

3 (25)

3

2 (17)

≥4

1 (8)
d

Type of RAND procedure, n (%)
Partial RAMe

7 (58)

Full RAM

5 (42)

Number of rounds (11/12, 92%), median (min-max)

3 (1-3)

Topic, n (%)
Performance or outcome assessment measures

6 (50)

Assessment criteria

2 (17)

Prescribing indicators

1 (8)

Documentation standards

1 (8)

Antibiotic stewardship

1 (8)

Clinical practice standards

1 (8)

Web-based platform or system used (9/12, 75%), n (%)
ExpertLens

4 (44)

SurveyMonkey

3 (33)

Canadian Fluid Survey System

1 (11)

REDCapf

1 (11)

Methods used to select indicators for the surveyb, n (%)
Literature review

8 (67)

Stakeholder feedback

6 (50)

Prior surveys

2 (17)

Focus group

1 (8)

Other

1 (8)

Indicators in the first rating, median (min-max)

48 (6-524)

Prepanel materials, n (%)

1 (8)

Duration of consensus process (weeks), median

12

Geographical scope, n (%)
National

9 (75)

International

3 (25)
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Values

Item selection or rating criteriab, n (%)
Importance

4 (33)

Validity

4 (33)

Relevance

4 (33)

Feasibility

3 (25)

Other

3 (25)

Likelihood of use

2 (17)

Appropriateness

2 (17)

Number of selection criteria used, n (%)
1

4 (33)

2

2 (17)

3

1 (8)

4

5 (42)

Feedback provided after first rating (7/12, 58%), n (%)
Quantitativeg

4 (57)

Quantitative and qualitativeh

2 (29)

Other

1 (14)

Discussion processb (6/12, 50%), n (%)
Asynchronous

5 (83)

Anonymous

5 (83)

Moderated

5 (83)

Rating process reported (8/12, 67%), n (%)
Rating 2

7 (88)

Rating 3

1 (13)

Item selection process, n (%)

a

Median score + IPRi/IPRASj consensus

8 (67)

Median score + percentage of agreement

1 (8)

Percentage of agreement

1 (8)

Average score

1 (8)

Other

1 (8)

Process assessment; satisfaction, n (%)

3 (25)

Limitations noted, n (%)

11 (92)

Min-max: minimum-maximum.

b

The total percentages may exceed 100% because some studies used more than one criterion.

c

Clinicians include people who actively work in health care settings such as hospitals and clinics to deliver care to patients (ie, doctors, nurses, pharmacists,
etc).
d

RAND corporation.

e

RAM: RAND/UCLA Appropriateness Method.

f

REDCap: Research Electronic Data Capture.

g

Quantitative: group median, minimum, and maximum ratings. Feedback may include panelists’ own ratings to illustrate position versus group ratings.

h

Qualitative: abstract of panelists’ comments.

i

IPR: interpercentile range.

j

IRPAS: interpercentile range adjusted for symmetry.
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Characteristics of Web-Based Expert Panel Procedures

Web-Based Expert Panel Results

Table 1 summarizes the RAM procedural characteristics across
the 12 studies; 5 (42%) studies described the use of all the steps
specified by the RAM method (ie, full RAM) [2,11,12,16,21];
the remaining 7 (58%) studies reported the use of some but not
all the steps (ie, partial RAM) [10,13-15,17-20]. All studies
reported between one and three rating rounds, with a median
of 3 rounds. In 6/12 (50%) studies, the RAM was used to
develop a set of performance indicators (ie, indicators of clinical
care quality) [2,10,11,13,16,21], and the remaining studies
focused on developing indications for documenting or describing
specific conditions (eg, rheumatoid arthritis and dental caries)
[12,14,15,17-20]. The type of web-based system used to conduct
the expert panel was reported in 9 (75%) studies
[2,11-13,16,17,19-21]. Of these, 4 (44%) studies used the
ExpertLens platform [2,11,12,16], and 5 (56%) listed other
survey software (eg, SurveyMonkey, Research Electronic Data
Capture, and the Canadian Fluid Survey System) [13,17,19-21];
the type of web-based system was not reported in 3/12 (25%)
studies [10,14,15,18].

Most studies (8/12; 67%) reported a second round of ratings
[2,10-12,16,18,20,21], with 1/8 (13%) study indicating a third
rating was conducted (Table 1) [18]. All studies provided
information about how indications were selected for the final
list. In 8/12 (67%) studies, items were selected following the
RAM criteria for disagreement (where the calculated
interpercentile range is greater than the interpercentile range
adjusted for symmetry, with a panel median score between 6
and 9) [1,2,10-12,16,18,20,21]. The methods used to select
indicators differed in the 4 (33%) remaining studies. In the first
study, indicators were included based on the following two
conditions: (1) the median score for each item was between 8
and 9 and (2) at least 70% of the panelists rated an item in the
top third of the scale [17]. In the second study, at least
three-quarters of panelists had to agree on an item for it to be
selected [14,15]. In the third study, if the average agreement
was at least 70% or higher across all 4 criteria of preventability
for each item, then the indication was selected [13]. In the last
study, more than 50% of panelists had to rate an indicator
“extremely important” (ie, 9) for it to be selected [19].

The methods used to select indicators for the survey were
reported in all 12 studies. The most common method was a
literature review (alone or in addition to stakeholder feedback
(8/12, 67%) [2,11-13,16,17,20,21]. The number of indicators
in the first rating were reported in all 12 studies, and ranged
from 6 to 524 items, with a median of 48 items. Only 1/12 (8%)
studies reported sending materials to participants prior to the
panel sessions and included a document with rationale, methods,
and indicator specifications [2]. Duration of the consensus
process
was
reported
in
7/12
(58%)
studies
[2,10,11,13,16,17,21]; median duration was 12 weeks. The
geographical scope of expert panel members was reported in
all studies; 9 (75%) panels were classified as national
[2,10,12,13,16,18-21], and 3 (25%) were classified as
international [11,14,15,17].
All studies specified the criteria used to rate each indicator (ie,
relevance, importance, feasibility, etc) [2,10-21]. Half of the
studies (6/12, 50%) used between one and two types of selection
criteria [12,16,17,19-21]; the remaining studies reported using
three or more selection criteria [2,10,11,13-15,18]. After the
first rating, 5/12 (42%) studies did not report providing feedback
of results to panelists [13-15,18-20]. The remaining studies
reported providing panelists with frequency distributions,
medians, and interquartile ranges for the group, as well as
panelists’ own responses compared to the group
[2,10-12,16,17,21]. Researchers in 1 (8%) study revised a list
of clinical indications based on input from panelists in Rating
1 and distributed this information to participants after the first
rating [17]. During this time, panelists review and discuss the
ratings, focusing on indications with significant disagreement
[1]. However, only 6/12 (50%) of the studies reported included
a panelist discussion period after the first round of ratings
[2,11,12,16,17,21]; the discussions in 5/6 (83%) studies were
either asynchronous, anonymous, or moderated web-based
discussions [2,11,12,16,21]; 1 (8%) study used a nonanonymous
synchronous webinar format [17].
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Web-Based Expert Panel Process Assessments and
Satisfaction
Approaches for reporting process assessments and satisfaction
were not included in recommendations from Boulkedid et al
[9]. In our review, very few studies (3/12, 25%) reported process
assessments (eg, level of engagement) or panelist satisfaction
(Table 1) [11,14,15,21]. The 3 (25%) studies that did report an
assessment of process quality focused on narrowly defined
characteristics of satisfaction [11,14,15,21]. For example, one
study reported that panelists would have liked more time to
discuss ideas in a conference call [11]. In another study, it was
reported that most panelists were satisfied with their degree of
anonymity throughout the rating rounds [21]. The third study
reported most panelists felt the web-based RAM process was
“suitable for achieving consensus” [14,15].

Discussion
Principal Findings
Web-based RAM panels are increasingly used in health research
as an effective, efficient, convenient, and acceptable alternative
to traditional consensus processes [22,23]. Previous systematic
reviews have assessed the implementation and reporting of the
in-person or “modified” Delphi method in research settings [9].
Despite the growing prominence of the virtual RAM, there has
been no literature review of design and conduct using completely
virtual methods. Documentation, however, is vitally important
for researchers to replicate RAM procedures and learn and
improve the process across studies. It is also important to assess
the validity and applicability of the process and to interpret the
results of these studies. Our narrative review of the web-based
RAM process in health research helps to fill this gap. Our results
show that studies generally provide little information about how
the web-based RAM was implemented, making it difficult to
interpret and compare study results. After summarizing the main
findings of our literature review, we suggest preliminary
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recommendations for ways to improve the implementation and
reporting of virtual RAMs.
The first contribution of this study is to illustrate the
underreporting of the web-based RAM process in health
research. Our narrative review of 12 unique studies revealed
that the vast majority provided only brief descriptions of how
their virtual RAM process was implemented. For example, half
of the studies did not report a discussion period between rating
rounds even though this is a standard feature in the RAM panel
process. Adequate time for discussion between rating rounds
is necessary for reviewing the distribution of rating results and
adjusting the list of clinical indications if necessary.
Additionally, although all studies reported the number of
panelists who participated in each round, no studies reported
consistency of participation across rounds; this is important
information to assess the quality and nature of recommendations,
ideally generated by highly engaged panel members who
consistently participated across the rounds.
Without a common framework for reporting results from
web-based RAMs, it is difficult to compare the results across
studies. Improved intentionality in designing and transparency
in reporting would yield improved results for individual study
teams while also allowing external researchers to learn,
understand, and build on the process that was used to generate
a given set of expert recommendations. Thus, we offer
preliminary recommendations for ways the broader field could
improve the consistency of the implementation of web-based
RAND (RAND Corporation) processes and considerations for
individual research teams in designing and reporting on their
web-based expert panel studies. We hope these
recommendations serve as a launching point for continued
development to improve the implementation and reporting of
web-based RAMs.

Preliminary Recommendation 1: Establish Data
Collection and Reporting Standards for Web-Based
RAM Panels
In the intervening decades since the RAM was developed, this
method was continuously refined through its practical
application in a wide variety of research settings. It was not
until 2001 that the RAND Corporation issued a specific set of
recommendations and guidelines for implementing the RAM
[1]. However, the availability of this guidance alone does not
ensure consistency.
As the systematic review of the Delphi Method by Boulkedid
et al [9] revealed, there is still considerable variation in
implementation and reporting among research teams using
modified versions of the more established method. Thus, we
recommend that a professional organization convene a group
of experts (eg, journal editors, practitioners, RAM users, etc)
to formulate a parallel set of best practices that mirror those
developed for the in-person Delphi and Rand/UCLA
Appropriateness expert panels. Research teams should clearly
describe the data collected and any methodological
modifications made to the standard RAM. Multimedia Appendix
3 can be used as a template to report these changes for a single
study. Because of word limitations, it may be necessary for
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researchers to develop a separate protocol paper or to report
details in appendices that accompany published findings. In our
own work in which we conducted a technology-based RAND
expert panel, we reported most of the suggested data elements
in an extensive array of supplemental files [24]. Transparent
and comprehensive reporting of web-based methods will
promote the reproducibility of web-based RAM processes.
Based on our own experience, and drawing on results from our
literature review, we offer 2 additional recommendations.

Preliminary Recommendation 2: Establish Measures
of Process Quality
We encourage researchers to develop and assess measures of
process quality. Process quality can be assessed by asking expert
participants to complete a survey at key points throughout the
panel process or at its conclusion. Ideally, this would be carried
out in the same web-based platform used to host the expert
panel. Based on our own experience leading RAND panels, it
is feasible to elicit this feedback. This feedback can yield useful
quantitative and qualitative data (from numerical ratings and
open-text feedback), which researchers can use to refine future
rounds and evaluate ongoing processes, as well as using them
for future planning purposes [24]. This review found scant
reporting of such measures. Table 1 shows the few studies that
reported facets of process quality (3/12, 25%), which did so for
only narrowly defined assessments, including the need to discuss
ideas over a conference call [13], satisfaction with rating
anonymity [21], and the suitability of the process for “achieving
consensus” [14,15]. Boulkedid et al [9] did not include these
types of measures in their systematic review of the Delphi
Method. We recommend eliciting and reporting panelist
satisfaction as an indicator of process quality. Panel members
may rate their satisfaction with all aspects of the RAM process,
including the following: (1) background materials provided (if
any); (2) process for revising indications; (3) meeting
facilitation; (4) the web-based software used; and (5) their
likelihood of participating in a similar process again. We also
recommend reporting consistency of participation across rounds
of the web-based RAM (eg, of the individuals participating in
the first round, the percentage who also participated in
subsequent rounds, and whether new participants were added
across the rounds). Consistency is an important indicator of the
depth of commitment and depth of thought as individuals
consider and reconsider ratings across multiple rounds.

Preliminary Recommendation 3: Consider Other
Viable Technical Platforms With Similar Levels of
Functionality
Most studies included in our review used a web-based platform
to conduct RAND panels. Although ExpertLens (RAND
Corporation) was the most often used web-based platform
among the studies in our review, our own experience using
Group System’s ThinkTank suggests there are other platforms
with similar or perhaps expanded levels of functionality that
could be considered [24,25]. A web-based hosting platform
should have the following functions: (1) allow teams to engage,
collaborate with, and capture and organize input from a large
number of individuals; (2) allow for sharing, revising,
organizing, and analyzing content in real time or
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asynchronously; and (3) allow teams to export session content
(eg, ratings) to formats such as Microsoft Excel for further
analysis.

This methodological transparency is important for building and
expanding knowledge of best practices for conducting RAMs
virtually.

Limitations

Conclusion

Although our review identified gaps in the literature, there are
limitations. The PubMed database does not search full text, so
we may have missed articles that reference using web-based
RAM in the main text, but not in the title or abstract. This may
have limited the number of articles included in our review. In
addition, our article selection criteria were narrow, which again
could have limited the number of articles included in our review.
We also acknowledge that the time frame for our literature
search stopped just before the start of the COVID-19 pandemic.
Future work should include conducting an updated review,
perhaps applying our preliminary recommendations to assess
reporting in more recent studies. This study is, to our knowledge,
the only investigation to formally review and summarize the
literature on using completely web-based RAM approaches.
We recommend further development of more formal reporting
standards for running web-based RAM panels. Web-based
approaches have undoubtedly grown during the pandemic as
more and more research has moved to internet-based platforms,
a trend that is likely to remain. Our preliminary reporting
recommendations may encourage other researchers to report
these details to increase research transparency and replicability.

In conclusion, conducting research virtually has become
particularly important within the context of the COVID-19
pandemic due to the prohibitions and safety concerns about
in-person group meetings. This shift to web-based workplaces
may outlast the pandemic [26]. We also anticipate that the
multiple benefits associated with web-based collaboration will
make the RAM with a web-based component an appealing and
cost-effective option for researchers seeking an efficient process
for incorporating expert opinion into developing
recommendations. This narrative review reveals underreported
yet important characteristics for conducting and reporting on
web-based RAM expert panels. Without a common framework
for reporting results from web-based RAMs, it is difficult to
compare results across studies. In this way, intentionality in
designing and transparency in reporting will yield improved
results for individual study teams while also allowing external
researchers to understand the process that was used to generate
a given set of expert recommendations. We highlight preliminary
recommendations for conducting and evaluating virtual RAM
approaches that will contribute to replicable high-quality
findings using web-based RAMs.
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Abstract
Background: Extensive literature support telehealth as a supplement or adjunct to in-person care for the management of chronic
conditions such as congestive heart failure (CHF) and type 2 diabetes mellitus (T2DM). Evidence is needed to support the use
of telehealth as an equivalent and equitable replacement for in-person care and to assess potential adverse effects.
Objective: We conducted a systematic review to address the following question: among adults, what is the effect of synchronous
telehealth (real-time response among individuals via phone or phone and video) compared with in-person care (or compared with
phone, if synchronous video care) for chronic management of CHF, chronic obstructive pulmonary disease, and T2DM on key
disease-specific clinical outcomes and health care use?
Methods: We followed systematic review methodologies and searched two databases (MEDLINE and Embase). We included
randomized or quasi-experimental studies that evaluated the effect of synchronously delivered telehealth for relevant chronic
https://www.jmir.org/2022/8/e37100
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conditions that occurred over ≥2 encounters and in which some or all in-person care was supplanted by care delivered via phone
or video. We assessed the bias using the Cochrane Effective Practice and Organization of Care risk of bias (ROB) tool and the
certainty of evidence using the Grading of Recommendations Assessment, Development, and Evaluation. We described the
findings narratively and did not conduct meta-analysis owing to the small number of studies and the conceptual heterogeneity of
the identified interventions.
Results: We identified 8662 studies, and 129 (1.49%) were reviewed at the full-text stage. In total, 3.9% (5/129) of the articles
were retained for data extraction, all of which (5/5, 100%) were randomized controlled trials. The CHF study (1/5, 20%) was
found to have high ROB and randomized patients (n=210) to receive quarterly automated asynchronous web-based review and
follow-up of telemetry data versus synchronous personal follow-up (in-person vs phone-based) for 1 year. A 3-way comparison
across study arms found no significant differences in clinical outcomes. Overall, 80% (4/5) of the studies (n=466) evaluated
synchronous care for patients with T2DM (ROB was judged to be low for 2, 50% of studies and high for 2, 50% of studies). In
total, 20% (1/5) of the studies were adequately powered to assess the difference in glycosylated hemoglobin level between groups;
however, no significant difference was found. Intervention design varied greatly from remote monitoring of blood glucose
combined with video versus in-person visits to an endocrinology clinic to a brief, 3-week remote intervention to stabilize
uncontrolled diabetes. No articles were identified for chronic obstructive pulmonary disease.
Conclusions: This review found few studies with a variety of designs and interventions that used telehealth as a replacement
for in-person care. Future research should consider including observational studies and studies on additional highly prevalent
chronic diseases.
(J Med Internet Res 2022;24(8):e37100) doi:10.2196/37100
KEYWORDS
telemedicine; diabetes mellitus, type 2; heart failure; pulmonary disease; chronic obstructive; veterans; delivery of health care;
systematic review

Introduction
Background
As a means to mitigate the risk of viral transmission for both
patients and clinicians during the COVID-19 pandemic, many
health systems have rapidly converted ≥70% of their outpatient
visits to telehealth via phone or video delivery [1-5]. To support
this shift, the Centers for Medicare and Medicaid Services in
the United States issued an emergency ruling to decrease
regulatory requirements for telehealth and created payment
parity between in-person care and telehealth delivered via phone
or video [6]. Increased telehealth use during the COVID-19
pandemic provided health systems, technology companies, and
health care providers experience with telehealth at scale and
raised the possibility that telehealth could become a standard
option in the postpandemic period. However, concerns remain
that care delivered via telehealth is potentially low in quality
of care, is difficult to incorporate into workflows, and can
exacerbate health disparities [7-10]. Specifically, evidence is
needed regarding the efficacy of telehealth as a replacement for
in-person care when treating patients.
Extensive literature supports telehealth as a supplement or
adjunct to in-person care for the management of chronic
conditions [11] such as congestive heart failure (CHF) and type
2 diabetes mellitus (T2DM) [12-14]. These 2 highly prevalent
chronic diseases are among the most common and costly
conditions affecting approximately 13.4% [15] and 10.5% [16]
of all adults in the US, respectively. In addition, CHF and T2DM
typically require physical assessment to establish disease status
and assess the presence and extent of exacerbations. However,
the effects of telehealth as a replacement for in-person health
care delivery for CHF, T2DM, and other chronic illnesses
remain uncertain [10,17,18] Before the COVID-19 pandemic,
https://www.jmir.org/2022/8/e37100
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many patients with chronic medical conditions, such as CHF,
chronic obstructive pulmonary disease (COPD), and T2DM,
uniformly received in-person evaluation. During the pandemic,
these patients often received telehealth to unknown effect.
Although telehealth can increase accessibility to health care by
lowering barriers to access [19-21], few studies exist to support
the use of telehealth as an equivalent and equitable replacement
for in-person care, and the potential adverse effects have not
been well defined [18]. Assuming that telehealth can readily
replace in-person care may be inappropriate, given the scarcity
of evidence examining telehealth applied in this way.
A first step to address the question of equivalence of
synchronous (real time) telehealth via phone or video as a
replacement for in-person care for chronic diseases is a review
focused specifically on evidence from the comparative literature.
If there is moderate to strong evidence that telehealth is
equivalent to in-person care for patients with chronic conditions,
its promise should be developed more fully and incorporated
as a standard option for delivering longitudinal care. Early
during the COVID-19 pandemic, there was the first complete
replacement of telehealth with in-person care [1-5]. However,
since then, we have started to see the routine substitution of
telehealth for in-person care visits across many specialties and
contexts. This substitution (meaning only video) is not usually
for all care, but rather can often be a replacement for part of
in-person care (some phone visits replaced by video). In
addition, currently, there are multiple commercial health care
providers who provide only telehealth (Teledoc and CallonDoc).
It is within this context that we formulated the questions for
this review.
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Objective
We conducted a systematic review to summarize and report the
use of telehealth as a replacement or substitute for in-person
care in the context of chronic management of CHF, COPD, and
T2DM. The questions guiding this review were the following:
1.

2.

3.

Question 1a—Among adults, what is the effect of
synchronous (real time) telehealth (phone or phone and
video) compared with in-person care (or compared with
phone, if synchronous video care) for the chronic
management of CHF, COPD, and T2DM on key
disease-specific clinical outcomes and health care use (eg,
hospital admission, hospital readmission, and emergency
room visits)?
Question 1b—For each disease (CHF, COPD, and T2DM),
does this effect differ by race and ethnicity, gender, age,
and rural status?
Question 2—What are the adverse effects of synchronous
telehealth for the chronic management of CHF, COPD, and
T2DM as compared with in-person care (or compared with
phone, if synchronous video care) on patients?

Methods
Overview
This systematic review was conducted as part of a Veterans
Health Administration (VHA)–funded report [22] in response
to a topic proposed by the VHA Office of Rural Health. For
this review, similar to completed previous reviews and to meet
the goals of the VHA as a learning health care system [23], (1)
the partners from the Office of Rural Health were not involved
in conducting the review, but informed topic and question
development and provided contextual relevance for the study;
(2) the partners from the Office of Rural Health were not
involved in approving the final write-up of the report; and (3)
a technical expert panel guided the conduct of the review and

Lewinski et al
discussion of the findings. We developed and followed an a
priori protocol for this review, and there were no significant
deviations after registration (PROSPERO [International
Prospective Register of Systematic Reviews] registration number
CRD42021239756) [24]. Each step was pilot-tested to train and
calibrate the study investigators. We adhered to the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines [25].

Analytic Framework
We developed an analytic framework [26] (Figure 1) that
outlined the population, outcomes, mediation effect of the care
visit modality, moderation effect of patient characteristics, and
any adverse effects. First, we identified clinical activities
(medication management, symptom monitoring, and physical
examination) for longitudinal follow-up and the ability to
complete them via phone, video, or either of these for CHF,
COPD, and T2DM. We determined the relevant aspects that
should be abstracted from the eligible literature to obtain critical
evidence about conducting a telehealth visit in any clinic setting.
Then, with this foundation, we determined that the telehealth
modality (eg, telephone, video, and in person) mediates the
relationship between the clinical visit and prespecified
clinical-level and system-level outcomes. The telehealth
interventions matched with our operationalized definition of
telehealth and included important contextual elements such as
delivery mode (telephone, video, and in person), dose (duration
and frequency of contact), and clinical context of care provision.
In addition, we specified that care delivered via telehealth should
be for clinical activities provided by the prescribing clinician
such as for evaluation, diagnosis, or medication prescription
and not for the provision of self-management education or other
support provided adjunctively by a clinical team member other
than the prescribing clinician (eg, nurse care manager), because
such interventions have been previously evaluated [11].

Figure 1. Analytic framework to guide systematic review activities. CHF: congestive heart failure; COPD: chronic obstructive pulmonary disease;
HbA1c: glycosylated hemoglobin; T2DM: type 2 diabetes mellitus.

Search Strategy
In collaboration with an expert medical librarian, we conducted
a primary literature search from inception to February 7, 2021,
in 2 databases (MEDLINE [via Ovid] and Embase [via
Elsevier]). We used database-specific subject headings and
keywords to search for relevant titles and abstracts (Multimedia
Appendix 1). The search strategies were peer-reviewed by a
second expert medical librarian before execution using the Peer
Review of Electronic Search Strategies Checklist [27]. In
https://www.jmir.org/2022/8/e37100
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addition, we manually searched previous systematic reviews
conducted on this or a related topic for potential inclusion.

Study Selection
Studies identified through our primary search were classified
independently by 2 investigators from the study team for
relevance to the questions based on the title and abstract from
our a priori established eligibility criteria. Study eligibility
criteria were organized by population, intervention, comparator,
outcome, timing, and setting elements and other criteria such
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37100 | p.311
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as study design, language, and publication type (Table 1). All
studies classified for inclusion by at least one investigator were
reviewed at the full-text level. The studies designated for
exclusion by one investigator at the title and abstract level were
screened by a second investigator. If both investigators agreed
on exclusion, the study was excluded. Full-text review included
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2 independent reviewers. Conflicts were resolved via discussion.
All articles that met the eligibility criteria at the full-text level
were included for data abstraction. All results were tracked in
an electronic database (EndNote [Clarivate Analytics] for
referencing and DistillerSR [Evidence Partners Inc] for data
abstraction).
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Table 1. Study eligibility.
Study character- Inclusion criteria
istics
Population

Intervention

•

•

Inpatient populations (eg, tele-ICUd)

•

Patients receiving care in an ERe or tele–urgent
care setting
Intervention limited only to the management of
complications of CHF, COPD, and T2DM such
as stroke, retinopathy, neuropathy, and foot ulcers

•

COPDb

•

T2DMc; at least 75% of the sample, if it is a mix of type 1 and type •
2

•

Clinicians or clinics providing telehealth for chronic conditions, if relevant to adverse effects associated with CHF, COPD, and T2DM

•

Synchronous care delivered over ≥2 encounters for the long-term man- •
agement of relevant chronic conditions in which some or all in-person •
care is supplanted by telehealth (phone or video) and which is delivered
remotely by an independently licensed clinician
May include asynchronous telehealth tools (eg, remote monitoring systems), if in both arms
•

•

Supplemental nurse care management
Telehealth interventions that do not involve
synchronous care delivered by a clinician to a
patient (eg, 1-way SMS text messages and reminder systems)
Telecardiac or telepulmonary rehabilitation

Comparator

•

In-person care without any telehealth delivery or care delivered via
telephone, if compared with video

•

No comparator

Outcome

•

Key clinical outcomes (eg, medication adherence, quality of life, and
depression) according to condition:
•
CHF—for example, NYHAf functional classification
COPD—for example, exercise tolerance and dyspnea
•
•
T2DM—for example, HbA1cg level

•

Outcomes other than those listed in the inclusion
criteria

•

Clinical use (hospitalization, hospital readmissions, and ER visits or
urgent care)
Adverse effects (eg, hypoglycemic episodes, inappropriate treatment,
and clinician burnout)

•

a

Adults (aged ≥18 years) with the following chronic conditions:
•
CHFa

Exclusion criteria

Timing

•

No limit

•

N/Ah

Setting

•

Any outpatient setting (general medical or specialty care clinic)

•

Intervention delivered primarily in hospital inpatient setting (including ER)

Study design

•
•
•
•
•

Studies that meet the EPOCi criteria and have prospective data collection, •
such as the following:
•
Randomized controlled trials
•
Nonrandomized trials
•
Controlled before-after studies
Interrupted time series studies or repeated measures studies
•
•
•

Not a clinical study (eg, editorial and letter to
an editor)
Uncontrolled clinical study
Qualitative studies
Prospective or retrospective observational
studies
Clinical guidelines
Measurement or validation studies
Studies that focus on mixed chronic conditions
if results for specified conditions are not reported separately

Countries

•

OECDj

•

Non-OECD

Publication
types

•

Full publication in a peer-reviewed journal

•

Letters, editorials, reviews, dissertations, meeting abstracts, and protocols without results

CHF: congestive heart failure.

b

COPD: chronic obstructive pulmonary disease.

c

T2DM: type 2 diabetes mellitus.

d

ICU: intensive care unit.

e

ER: emergency room.

f

NYHA: New York Heart Association.

g

HbA1c: glycosylated hemoglobin.

h

N/A: not applicable.
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i

EPOC: Effective Practice and Organization of Care.

j

OECD: Organisation for Economic Co-operation and Development includes Australia, Austria, Belgium, Canada, Chile, Czech Republic, Denmark,
Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland, Israel, Italy, Japan, Korea, Latvia, Luxembourg, Mexico, the Netherlands, New
Zealand, Norway, Poland, Portugal, Slovak Republic, Slovenia, Spain, Sweden, Switzerland, Turkey, the United Kingdom, and the United States.

Data Extraction and Quality Assessment
Data from published reports were abstracted into a customized
DistillerSR database by one reviewer and overread by a second
reviewer. Disagreements were resolved by consensus or by
obtaining a third reviewer’s opinion. Data elements included
descriptors to assess applicability, quality elements, intervention
details, and outcomes including adverse events. Key
characteristics that were abstracted included participant
descriptors (eg, race and ethnicity, gender, age, and rural status),
intervention characteristics (eg, clinician type and telehealth
modality), comparator, and outcomes (eg, glycosylated
hemoglobin [HbA1c] level, hospital admission, emergency
department visits, and New York Heart Association functional
classification). We abstracted all outcomes that were used to
evaluate telehealth, but prioritized outcomes identified a priori
in collaboration with our partners from the Office of Rural
Health and technical expert panel for analysis. Multiple reports
from a single study were treated as a single data point,
prioritizing results based on the most complete and appropriately
analyzed data. When critical data were missing or unclear in
the published reports, we requested supplemental data from the
study authors. We emailed the authors of 1.6% (2/129) of the
studies to obtain additional information and did not receive a
reply from any of them. When we did not have sufficient
information, we left the field blank.
The investigators who participated in data extraction also
completed the quality assessment. Disagreements were resolved
by consensus between the 2 investigators or, when needed, by
arbitration by a third investigator. For randomized,
nonrandomized, and controlled before-after studies, we used
the criteria from the Cochrane Effective Practice and
Organization of Care (EPOC) risk of bias (ROB) tool [28]. We
assigned a summary ROB score (low, unclear, or high) to
individual studies. Among the investigators, no ROB
disagreements occurred owing to missing results in a synthesis.
The certainty of evidence for each question was assessed using
the approach described by Grading of Recommendations
Assessment, Development, and Evaluation [29]. We limited the
Grading of Recommendations Assessment, Development, and
Evaluation ratings to the questions that had at least two included
studies. In brief, this approach requires the assessment of four
domains: ROB, consistency, directness, and precision.
Additional domains to be used when appropriate are coherence,
dose-response association, impact of plausible residual
confounders, strength of association (magnitude of effect), and
publication bias. We considered these domains qualitatively
and assigned a summary rating as high, moderate, or low
strength of evidence after discussion by a subteam of 5
investigators. In some cases, high, moderate, or low ratings
were impossible or imprudent to be provided. In these situations,
a grade of insufficient was assigned.
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Subgroups of Interest
The research questions guided our subgroup analysis.
Prespecified potential effect modifiers included study design
characteristics (eg, allocation concealment), disease context
(CHF, COPD, or T2DM), and intervention type (eg, telehealth
modality). Regarding patient-level characteristics of interest
(race and ethnicity, gender, age, and rural status), we looked
for analyses conducted within the primary literature that sought
to identify effect modifications (eg, subgroup analyses and
regression model explanatory variables). Manuscripts included
in this review did not specify descriptions of gender or sex. For
consistency, we use gender throughout the Results and
Discussion sections because the interventions examined are
more relevant to self-identity and not specific to one’s biology
at birth. However, we realize that this terminology may not
reflect patients who would not have self-identified as such.

Data Synthesis and Analysis
We summarized the primary literature using relevant data
abstracted from the eligible studies. Summary tables describe
the key characteristics of the primary studies: study design,
patient demographics, and details of the intervention and
comparator. Owing to conceptual heterogeneity related to the
structure, purpose, and delivery of telehealth visits, we did not
conduct a meta-analysis, but rather described findings
narratively, focusing on identifying patterns in the efficacy and
safety of the interventions across conditions and outcome
categories.
Continuous outcomes were summarized using the mean
patient-level difference (follow-up minus baseline) when the
outcome was reported using the same scale. For studies that did
not directly report the mean and SD of patient differences, we
used the difference in means between the follow-up and
baseline. For 20% (1/5) of the studies [30], we computed the
SD of the difference based on the reported P value for the
difference between the 2 arms, assuming the same correlation
between follow-up and baseline in each arm. When studies
reported only medians and ranges, we translated them into
means and SDs [31], and if a study reported only baseline SD,
we assumed the same SD at follow-up. Finally, in the absence
of other information, we assumed a conservative 0.5 correlation
between the follow-up and baseline measures.

Ad hoc Horizon Scan to Identify Relevant Studies in
Progress
Given the limited amount of existing literature we identified
that addressed our questions, we sought to assess the pool of
ongoing studies that would add relevant findings in the near
future. To conduct such a scan of the literature on the horizon,
we applied our previously developed search terms to the
Cochrane Central Register of Controlled Trials. Notably, we
did not apply the same rigor to this process as for our primary
search process. At least one reviewer screened the studies
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identified through the horizon scan at the title and abstract level,
and all the included studies were verified by a second reviewer.

Results
Overview
The search identified 11,245 studies from the 2 databases
(Figure 2). After deduplication, 77.03% (8662/11,245) of the
articles underwent the screening process. In total, 0.06%
(5/8662) of the studies met the inclusion criteria. Of those 5
studies, 4 (80%) focused on diabetes and 1 (20%) focused on
CHF. The details of the included studies are provided in Table
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2. We have provided the details of study characteristics
(Multimedia Appendix 2), intervention characteristics
(Multimedia Appendix 3), all outcomes reported in the included
studies (Multimedia Appendix 4), and excluded studies and the
reason for exclusion (Multimedia Appendix 5). Common reasons
for excluding studies by intervention included telehealth that
supplemented rather than replaced in-person care, telehealth
interventions delivered by nonprescribing clinicians, and
telehealth delivered asynchronously only. In the following
sections, we describe the results by chronic disease (CHF,
COPD, and T2DM). The certainty of evidence for the included
studies is presented in (Table 3).

Figure 2. Literature flowchart. *Search results from MEDLINE (4713) and Embase (3949) were combined. CHF: congestive heart failure; N/A: not
applicable; OECD: Organisation for Economic Co-operation and Development.
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Table 2. Evidence profile of included studies.
Criteria

Study information

Region or location (N=5), n (%)
United States

2 (40)

Europe

2 (40)

Asia

1 (20)

Disease in focus (N=5), n (%)
T2DMa

4 (80)

CHFb

1 (20)

COPDc

0 (0)

Patient demographics (N=676)d
Age (years), median

58

Gender, n (%)
Women

168 (24.9)

Men

508 (75.1)

Race (N=60), n (%)
Whitee

52(87)

Blacke

6 (10)

Hispanice

1 (2)

Othere

1 (2)

Intervention mode (N=5) , n (%)
RMf and video

1 (20)

Video

2 (40)

RM and telephone

1 (20)

Telephone

1 (20)

Comparisonsg (N=5), n (%)
RM and in-person care

2 (40)

Usual in-person care

3 (60)

Outcomes reported (N=5), n (%)
HbA1ch level

4 (80)

NYHAi functional classification

1 (20)

Hospitalization

3 (60)

Emergency department visit

2 (40)

Risk of bias—objective (N=5), n (%)
High

2 (40)

Unclear

1 (20)

Low

2 (40)

Risk of bias—reported by patient (N=5), n (%)
High

2 (40)

Unclear

1 (20)

Low

1 (20)
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Criteria

Study information

N/Aj
a

1 (20)

T2DM: type 2 diabetes mellitus.

b

CHF: congestive heart failure.

c

COPD: chronic obstructive pulmonary disease.

d

Of the 5 studies, 1 (20%) study [32] reported 50% (338/676) of the participants.

e

In total, 80% (4/5) of the studies did not report this information.

f

RM: remote monitoring.

g

For this criterion, ≥1 category is possible per study.

h

HbA1c: glycosylated hemoglobin.

i

NYHA: New York Heart Association.

j

N/A: not applicable.

Table 3. Certainty of evidence for included studies of CHFa and T2DMb.
Outcomes

Studies (randomized controlled trials; N=5), n (%)

Patients (N=676), n
(%)

Range of effects

P value

Certainty of evidence (rationale)

HbA1cc level

4 (80)

339 (50.1)

Mean difference of
−0.15% to −1.30% in
the HbA1c level between the intervention
and comparator arms

N/Ad

Very low certainty that telehealth has an effect on HbA1c
level (rated down for serious
risk of bias, indirectness, and
imprecision)

Hospital admission

2 (40)

285 (42.2)

In total, 0 to 3 admisN/A
sions in the intervention
arm and 0 to 7 admissions in the comparator
arm

Very low certainty that telehealth has an effect on hospital admissions (rated down for
serious risk of bias, indirectness, and imprecision)

Emergency department visits

2 (40)

285 (42.2)

In total, 0 emergency
N/A
department visits in the
intervention arm and 0
to 1 visit in the comparator arm

Very low certainty that telehealth has an effect on emergency department attendance
(rated down for serious risk
of bias, indirectness, and imprecision)

NYHAe functional
classification

1 (20)

219 (32.4)

Between-group difference

.97

Very low certainty that telehealth has an effect on NYHA
functional classification (rated
down for serious risk of bias,
inconsistency, indirectness,
and imprecision)

Hospital admission

1 (20)

219 (32.4)

.85
RMf (9.8%), RM and
phone (11.3%), and inperson visit (12.7%)

Very low certainty that telehealth has an effect on hospital admission (rated down for
serious risk of bias, inconsistency, indirectness, and imprecision)

T2DM

CHF

a

CHF: congestive heart failure.

b

T2DM: type 2 diabetes mellitus.

c

HbA1c: glycosylated hemoglobin.

d

N/A: not applicable.

e

NYHA: New York Heart Association.

f

RM: remote monitoring.
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Question 1a (Effect of Telehealth) and 1b (Differences
by Special Population)
Findings for CHF
Question 1a: Effect of Telehealth
Overview
We identified only 20% (1/5) of studies that met the inclusion
criteria for synchronous telehealth for chronic CHF management
[33] and found it to have high ROB. The study was conducted
in Germany, enrolled 210 patients, and had a duration of 12
months. The study incorporated phone-based appointments and
follow-up in patients with CHF with recent placement of an
implanted cardioverter defibrillator or cardiac resynchronization
therapy defibrillator. Patients were randomized to receive
asynchronous web-based automated review and follow-up of
telemetry data alone every 3 months (n=102) or personal
physician contact every 3 months in addition to remote
monitoring. The personal contact group was further randomized
to personal contact via telephone calls (n=53) or personal contact
via in-person visits (n=55). In this study [33], the primary
outcome was the proportion of patients with worse Packer Heart
Failure Clinical Composite Response scores at 13 months
compared with scores at 1 month after device placement. The
Packer Heart Failure Clinical Composite Response score
provides stepwise assessment and incorporates CHF death or
hospitalization, change in New York Heart Association class,
and self-assessed health status. The secondary outcomes in this
study were all-cause mortality, CHF-related hospitalizations,
arrhythmias, and changes in reported quality of life. We present
the detailed results by outcome: (1) Packer Heart Failure Clinical
Composite Response Score, (2) hospitalizations, (3) emergency
department visits, and (4) number of contacts and use.
Packer Heart Failure Clinical Composite Response Score
The primary outcome of the study by Hansen et al [33] showed
no significant differences in Packer scores in a 3-way
comparison between the telemetry arm compared with the
personal contact subgroups (remote monitoring and phone call
vs remote monitoring and in-person visit; P=.97).
Hospitalizations
The authors found no significant differences between the
subgroups in any of the outcomes that were measured. Outcomes
between study arms included the following: mortality (P=.65),
CHF-related
hospitalization
(P=.85),
detection
of
supraventricular tachycardia (P=.22), detection of ventricular
tachycardia (P=.75), and reported change in quality of life
(P=.72).
Emergency Department Visits
The CHF study that was included did not report on emergency
department visits [33].
Number of Contacts and Use
The CHF study compared the number of unscheduled follow-up
visits conducted either via phone or in person among the
telemetry only group, telemetry and phone visit group, and
telemetry and in-person visit group [33]. In total, there were
219 unscheduled follow-ups among the 3 groups, involving 83
https://www.jmir.org/2022/8/e37100
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patients during the course of the study. However, there were no
significant differences in the unscheduled follow-up rates among
the 3 groups (P=.29).
Question 1b: Differences by Special Population
The 20% (1/5) studies that met the inclusion criteria [33]
described the age (overall mean 63.8 years, SD was not reported
by authors) and gender of their patient population (84.3% were
men); however, details regarding race and ethnicity and rural
status were not reported. Furthermore, the authors did not
perform any subgroup analyses to examine the effect of age or
gender on outcomes.

Findings for COPD
No studies that addressed the use of telehealth as a substitute
for in-person chronic management of COPD were identified.

Findings for T2DM
Question 1a: Effect of Telehealth
Overview
We identified 80% (4/5) of studies—all of which were
randomized controlled trials [30,32,34,35]—that evaluated the
provision of synchronous telehealth compared with in-person
care for the chronic management of T2DM. Of the 4 studies, 2
(50%) studies were conducted in the United States [30,35], 1
(25%) in South Korea [32], and 1 (25%) in Denmark [34].
Overall, 25% (1/4) of the studies were conducted with patients
in the military [35]. Intervention duration varied across studies,
from <8 weeks to 52 weeks. Intervention approach varied across
all the studies (4/4, 100%) regarding duration and mode of
incorporating telehealth into chronic diabetes management. Of
the 4 studies, 3 (75%) studies included ≤60 patients [30,34,35]
and 1 (25%) study included 338 patients [32]. Of the 4 studies,
3 (75%) studies used technology that facilitated synchronous
bidirectional communication between the patient and clinician
[32,34,35], and 1 (25%) study relied on telephone and email
[30]. In total, 50% (2/4) of the studies included remote
monitoring in addition to synchronous telehealth [32,35]. We
present the detailed results by outcome: (1) HbA1c level, (2)
hospitalizations, (3) emergency department visits, and (4)
number of contacts and use.
Change in Reduction of HbA1c Level
All the studies (4/4, 100%) compared the change in reduction
of HbA1c level from baseline to the end of the study between
synchronous telehealth and in-person study arms (Figure 3)
[30,32,34,35]. The first study, by Jeong et al [32], was a 24-week
3-arm trial that compared usual care, telemonitoring (remote
monitoring with automated clinical decision support with
in-person endocrine follow-up appointments), and telemedicine
(remote monitoring with automated clinical decision support
with video-based endocrine follow-up appointments). Notably,
that study was the largest study included and was rated as having
low ROB. They enrolled 338 patients, with a baseline mean age
of 53 years (SD was not reported by authors). No statistically
significant difference was seen at baseline for HbA1c level across
groups: usual care (mean 8.39%, SD 1.10%), telemonitoring
(mean 8.21%, SD 0.93%), and telemedicine (mean 8.39%, SD
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1.10%). Statistically significant difference was seen for
within-group reduction in HbA1c level from baseline to 24 weeks
for all groups, ranging from −0.66% to −0.81% (P<.001). No
statistically significant difference was noted for the extent of
HbA1c reduction across groups: usual care versus telemonitoring
groups (P=.61), usual care versus telemedicine groups (P=.16),
and telemonitoring versus telemedicine groups (P=.34).
The second study, led by Klingeman et al [30], was a 52-week,
2-arm trial consisting of usual endocrine care versus an
experimental endocrine clinic group that enrolled 60 patients
with T2DM. The setting for the study was an endocrinology
clinic at an academic medical center, where patient care was
provided by endocrinologists. Patients who were not in the
experimental arm received the usual care provided by the clinic’s
endocrinologists. The specialty clinic model in the experimental
group included an endocrinologist and nurse educator who
focused on patients with advanced diabetes; contact with the
patients in this arm was designed to be variable and
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patient-specific. Preplanned contacts (via email and phone) were
determined at baseline and amended over time, and ad hoc
in-person visits occurred if clinically required. Contact was
individually tailored based on each patient’s outcomes, adverse
reactions, and changes in the disease state. The control arm
received the usual endocrine care, which included the ability
for the patients to contact (via email and phone) clinicians as
needed. HbA1c levels were compared between groups at baseline
for usual care (mean 8.9%, SD 0.8%) versus specialty clinic
model (mean 9.5%, SD 0.9%). In addition, high proportion of
patients who were White were enrolled in the intervention group
(96.6%) compared with the usual care group (76.8%). Analysis
of data at 52 weeks found great reduction in HbA1c level in the
specialty clinic model (−1.7%; from 9.6% to 7.9%) as compared
with the usual endocrine care (0.3%; from 8.9% to 8.6%), with
P=.004. Notably, sensitivity analysis was conducted that
dropped data from a patient who was an outlier in the usual care
group, with worsened HbA1c values (from 8.3% to 13.5%);
however, this did not change the results.

Figure 3. Change in glycosylated hemoglobin levels between intervention and comparator arms across type 2 diabetes mellitus studies. MD: mean
difference; ROB: risk of bias [30,32,34,35].

The third study, by Rasmussen et al [34], was a 2-arm trial
comparing 3 weeks of brief standard in-person endocrine care
versus telemedicine (video-based endocrine care) to stabilize
patients with poorly controlled T2DM. They enrolled 40 patients
with baseline HbA1c level of 8.1% (range 6.1%-10.7%) in
standard care group and 9% (range 7.6%-12%) in the
telemedicine group. At 6 months, the HbA1c level ranged from
8.1% to 7.2% in the standard care group and from 9.1% to 7.7%
in the telemedicine group. The patients in the telemedicine arm
experienced a larger decrease in HbA1c level (14.6%) than those
in the standard care arm (10.6%), which was statistically
significant (P=.02). Notably, although this study framed its
hypothesis as “the treatment by telemedicine at home was
similar to standard care,” the analysis methods did not use
noninferiority analytic approaches.
The fourth study, by Whitlock et al [35], which tested usual
care and telemonitoring visits with a case manager and
physician, enrolled 28 patients in a 36-week 2-arm trial
consisting of a standard of care control versus experimental
telemonitoring group. In this study, both groups were referred
for multidisciplinary diabetic education classes. The
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experimental group received weekly telemonitoring via video
from a case manager and, then, monthly telemonitoring via
video from study physicians. Patients in the standard of care
group received routine in-person care from their primary care
clinician. Statistically significant within-group difference
(P=.05) was noted for the experimental telemonitoring arm,
from baseline HbA1c level of 9.5 (range 8.1-12.6) to week-36
HbA1c level of 8.2 (range 5.7-10.2). For the comparator, the
mean baseline HbA1c level was 9.5 (range 8.1-11.9) and week-36
HbA1c level was 8.6 (range 7.1-11.9), which was not statistically
significant.
Hospitalizations
In total, 50% (2/4) of the studies examined hospitalizations
[30,32]. In the study by Jeong et al [32], only 1 patient in the
telemonitoring arm experienced a diabetes complication–related
hospitalization, and none of the patients in the control or
telemedicine arms experienced diabetes-related hospitalizations.
In the second study, by Klingeman et al [30], 10% (3/30) of the
patients in the experimental arm and 23% (7/30) of the patients
in the control arm experienced diabetes-related hospital
admission.
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Emergency Department Visits
Overall, 50% (2/4) of the studies examined emergency
department visits [30,32]. In the first study, by Jeong et al [32],
across the 3 study arms, none of the patients experienced
diabetes-related visits to the emergency department out of the
338 patients enrolled in the study. In the second study, by
Klingeman et al [30], none of the patients in the experimental
arm and 1 patient in the control arm experienced a
T2DM-related emergency department visit.
Number of Contacts and Use
In total, 75% (3/4) of the studies reported collecting data on
number of contacts and use [30,34,35] among patients receiving
in-person or telehealth. The study by Klingeman et al [30]
reported on (1) diabetes education referrals, (2) diabetes-related
visits, (3) use of modality, and (4) number of interactions and
HbA1c level. Klingeman et al [30] designed the experimental
arm for variable frequency of contact using a specialty clinic
model. Preplanned contacts (via email, phone call, or visit) were
determined at baseline and amended over time; contact was
tailored based on each patient’s outcomes, adverse reactions,
and changes in the disease state; and the control arm received
usual endocrine care. Klingeman et al [30] reported that when
diabetes education visits were combined with clinician’s
diabetes-related visits in the endocrinology clinic, the
experimental group had fewer overall visits than the control
group. Specifically, the experimental group had 1.5 (SD 0.7)
visits and the control group had 3.6 (SD 4) visits over 12 months
(P<.001). However, the experimental group had significantly
more email contacts (mean 11.1, SD 6.4) than the control group
with (mean 1.8, SD 3.5; P<.001; note that email communication
was a focus in the experimental group).
The study by Rasmussen et al [34], which tested standard care
and video consultation for home treatment of T2DM, reported
on (1) number of visits and missed visits and (2) consultation
time. The telemedicine group had an average of 4.1 visits, with
no missed visits; however, the usual care group had an average
of 3.8 visits, with 13% missed visits. Regarding consultation
time, the telemedicine group had an average of 18 minutes and
the usual care group had an average of 23 minutes. The study
by Whitlock et al [35] reported no results on the number of
contacts and use, despite describing collecting the number of
clinic visits before and during the study in their Methods section.
Question 1b: Differences by Special Population
Only 25% (1/4) of the included studies reported on subgroup
analysis [32] by patient characteristics. Jeong et al [32] analyzed
two subgroups of a priori interest: gender and age. No
statistically significant difference in reduction of HbA1c level
was found for men (mean −0.76%, SD 1.11% for telemonitoring
vs mean −0.89%, SD 1.12% for telemedicine; P=.88) or women
(mean −0.46%, SD 1.05% vs mean −0.63%, SD 0.87%; P=.16).
No statistically significant difference in reduction of HbA1c
level was seen among people aged <55 years (mean −0.63%,
SD 1.26% for telemonitoring vs mean −0.87%, SD 1.15% for
telemedicine; P=.21) or among those aged ≥55 years (mean
−0.68%, SD 0.88% for telemonitoring vs mean −0.73%, SD
0.93% for telemedicine; P=.83). Moreover, Jeong et al [32]
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reported on additional subgroups of potential interest. Users
with high compliance (defined as users with >90% of number
of records or data transmitted compared with recommended
number of records) had no difference in reduction of HbA1c
level when compared with those with low compliance levels
across the study arms of interest (mean −0.93%, SD 0.99% for
telemonitoring vs mean −1.08%, SD 0.96% for telemedicine;
P=.47). Similarly, there was no significant difference in the
reduction of HbA1c level between patients who had a high school
education or less in the telemonitoring (mean −0.65%, SD
0.93%) and telemedicine (mean −0.94%, SD 1.1%) arms
(P=.26).

Question 2: Adverse Events
The 20% (1/5) of the studies of CHF, by Hansen et al [33], did
not report on adverse events. The 40% (2/5) of studies of T2DM
reported adverse events [30,32]. Jeong et al [32] described four
groups of adverse events: (1) general events, (2) diabetes-related
events, (3) serious events, and (4) biochemical events. Adverse
events were noted in the control (n=33 or 29.20%, in-person
appointments at 8, 16, and 24 weeks), telemonitoring (n=30 or
26.55%, in-person appointments at 8, 16, and 24 weeks, with
remote monitoring of blood glucose data), and telemedicine
(n=23 or 20.54%, video visits at 8 and 16 weeks, in-person visits
at 24 weeks) arms. Diabetes-related events were noted in the
control (n=7 or 6.19%), telemonitoring (n=7 or 6.19%), and
telemedicine (n=3 or 2.68%) arms. Serious reported adverse
events were noted in the control (n=2 or 1.7%), telemonitoring
(n=2 or 1.70%), and telemedicine (n=1 or 0.90%) arms, and it
included angina pectoris, rotator cuff syndrome, malignant
hepatic neoplasm, skin ulcer, and hematuria [32]. Biochemical
parameters for serum alanine aminotransferase (ALT), aspartate
aminotransferase, and creatinine levels were measured, and
samples were obtained at baseline and 24 weeks [32].
Comparing the relative percentage of patients with worsened
laboratory values, ALT was the only parameter that showed
significant worsening between the telemedicine and
telemonitoring groups. Specifically, none of the participants in
the telemonitoring arm and 7 participants in the telemedicine
arm (6.7%; P=.01) experienced worsening of ALT values.
Klingeman et al [30] described two types of adverse events: (1)
severe hypoglycemia and (2) foot ulcers. Severe hypoglycemia
was noted in the experimental (n=1 or 3.3%) arm, but not in the
control (n=0 or 0%) arm. Foot ulcer was noted in the
experimental (n=1 or 3.3%) and control (n=3 or 10%) arms.

Quality of Evidence for Included Studies
The 20% (1/5) of the studies of CHF [33] that met our inclusion
criteria was rated as having high ROB owing to low numbers
of patients enrolled, unclear method for patient randomization,
and poor description of both patient dropout and how primary
outcomes were assessed. Among the 80% (4/5) of randomized
T2DM studies, the ROB (Figure 4) for patient-reported
outcomes was judged to be low for 1 (25%) study, unclear for
1 (25%) study, and high for 1 (25%) study and 1 (25%) study
did not report this type of outcome [30,32,34,35]. For objective
outcomes, ROB was judged to be low for 50% (2/4) of the
studies [32,34] and high for 50% (2/4) of the studies [30,35].
Patterns that led to judgments of low ROB (Figure 5) included
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(1) noting randomization of study participants, (2) collecting
objective outcome data, and (3) generally limited expected
impact of bias from patient knowledge of the treatment arm.
Patterns that led to high ROB included (1) missing or unclear
data on randomization methods, data collection, and analysis;
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(2) unblinded treatment arm; (3) absence of predetermined
intervention assessment patterns in the protocol; (4) unclear
primary outcomes; and (5) missing or unclear reporting of
patient-reported outcomes.

Figure 4. Risk of bias (ROB) assessment for included studies in congestive heart failure and type 2 diabetes mellitus [30,32-35].

Figure 5. Risk of bias (ROB) assessment across included studies on congestive heart failure and type 2 diabetes mellitus (N=5).

Ad hoc Horizon Scan to Identify Relevant Studies in
Progress
This search identified 1787 unique studies. We found only
0.17% (3/1787) of studies [36-38] in our horizon scan that
reported on studies without published results (Multimedia
Appendix 6) that may potentially meet the inclusion criteria of
our systematic review. All of these studies (3/3, 100%) are
randomized controlled trials that were designed before the
COVID-19 pandemic. Of the 3 studies, 2 (67%) studies focus
on T2DM [36,37], whereas the remaining 1 (33%) study is on
CHF [38]. Although the noninferiority study [37] will not meet
our inclusion criteria as it is conducted in Brazil (a
non–Organisation for Economic Co-operation and Development
[OECD] country) and the findings may not be applicable to the
US population or setting, we mention it here given the low
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number of studies that otherwise met our inclusion criteria. The
other T2DM study [36] is specifically focused on reducing
emergency diabetes care for older (aged >50 years) African
Americans. The CHF study by Komkov et al [38] has very
limited detail available. Although using these registries to
identify trials has limitations and there are likely other relevant
studies, it appears that there are few trial-based studies currently
in the pipeline to inform our questions in this review.

Discussion
This review aimed to summarize and report the use of telehealth
as a replacement or substitute for all or a portion of in-person
care in the context of chronic management of CHF, COPD, and
T2DM.
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Principal Findings
We found scant evidence examining chronic disease
management delivered through synchronous telehealth compared
with in-person delivery for T2DM (4/5, 80%), COPD (0/5, 0%),
and CHF (1/5, 20%). This suggests that there is little evidence
to help guide practice on when to use telehealth instead of
traditional in-person visits while managing these chronic
diseases. Our review sought to include studies that used
telehealth to replace all or part of in-person care. In other words,
some specific in-person visits in the intervention arm were
replaced by telehealth visits, whereas the comparator arm
maintained all visits as in-person. Note that we consider this to
be different from using telehealth as a supplement or add-on to
the usual in-person care. However, we did not find any studies
that only partially substituted in-person visits. We did not
attempt to include studies that used telehealth as an add-on to
existing in-person care, as there are already existing
high-quality, peer-reviewed publications on this question
[11-13]. However, despite the paucity of evidence, telehealth
modalities such as video or telephone have increasingly been
used to replace in-person clinic visits for managing chronic
conditions, particularly during the COVID-19 pandemic [1-5].
Understanding the benefits and risks associated with shifting
in-person care to telehealth is critical in shaping how health
systems deliver care going forward. Although in-person visits
have since increased as more has become known about
COVID-19 transmission and prevention practices, telehealth
continues to play a much larger role in outpatient care than
before the pandemic [39,40].

Comparison With Previous Studies
Evidence indicates that telehealth can be used effectively as an
adjunctive or supplemental approach to in-person care. A recent
review by Albritton et al [18] examined the impact of video
teleconferencing visits on prevention and management of
chronic illness. Results from that review indicated that video
teleconferencing resulted in similar clinical effectiveness as
in-person care for certain diseases [18]. The results from our
review differ in indicating clinical effectiveness of telehealth
from those of Albritton et al [18] owing to several differences
in the review type (systematic vs rapid review), date limitations,
search strategies, databases searched, and operationalization of
telehealth. Our approach to identify relevant telehealth papers
was broad and more comprehensive, which resulted in a large
number of articles to review. Of the 7 papers included in the
review by Albritton et al [18], only 1 (14%) was not captured
in our search. Additional previous reviews have examined
various ways of using telehealth modalities in the context of
these conditions of interest, but none of them have focused on
replacing in-person care with telehealth visits [11]. Although
we found only 20% (1/5) of the studies on telehealth for chronic
management of heart failure as a substitute for in-person care,
previous reviews report mixed results for the impact of other
supplemental types of telehealth on heart failure outcomes
[41-43]. Several recent analyses on the impact of telehealth in
T2DM indicated that health outcomes did not worsen because
of switching to telehealth compared with those in-person clinic
care [14,40,44,45]. However, there is evidence that telehealth
as an adjunctive strategy to typical in-person care can be
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associated with a decrease in HbA1c level in patients with both
type 1 and type 2 diabetes [46-49].

Importance of Context in Telehealth Implementation
The successful incorporation of telehealth into health care
delivery relies upon the fit between the telehealth modality, care
delivery context, and disease management approaches [9,19,50].
Presumably, not all areas of health care delivery lend themselves
equally well to telehealth, but management of certain chronic
diseases (CHF, COPD, and T2DM) may provide good
opportunity to replace routine in-person care with telehealth.
In our review, we sought to address a critical evidence gap by
examining the comparative literature on telehealth as a
replacement for in-person care in chronic disease management.
Interestingly, our findings came from studies that were
conducted in specialty settings, and aspects of the studied
telehealth interventions were often incompletely described.
However, much of the long-term management of these chronic
conditions occurs within the context of primary care settings.
As primary care settings likely have different pressures and
challenges with telehealth modalities, given the need to address
multiple comorbidities during the same visit, the results from
our review may not be directly applicable. Thus, we recommend
future reviews to examine and provide evidence-based guidance
about the effect of telehealth interventions to deliver high-quality
care using the right modality for the right patients with the right
clinical condition at the right time.

Additional Approaches to Examine Telehealth
A way to determine the effect telehealth is to use noninferiority
analytic approaches when hypotheses focus on whether
telehealth delivered care is equally effective to in-person care.
Our eligibility criteria focused on randomized controlled trials
and did not include observational study designs. Randomized
controlled trials are the gold standard; however, conducting
these trials is time-consuming and resource-intensive.
Importantly, findings from randomized controlled trials take
years to affect clinical practice, if they are implemented at all.
Randomized controlled trials should not be expected to fill all
the research gaps in the implementation and adoption of
telehealth for chronic disease management. Thus, given the
paucity of randomized controlled trials, we strongly recommend
that future reviews focused on telehealth include what are likely
to be rich and robust, but potentially biased; observational; and
alternatively designed studies that emerge during and after the
COVID-19 pandemic.

Future Directions
Overall, there are 5 key areas in which future studies on this
topic can fill the existing gaps and improve the approach. First,
and perhaps most critical, telehealth interventions should be
thoroughly described to maximize reproducibility and
generalizability in other clinical contexts. Guidance exists on
mobile and web-based interventions, which may provide indirect
suggestions about key characteristics for telehealth intervention
description. Second, there is a need to evaluate how best to
integrate telehealth as a replacement for in-person care.
Furthermore, there is a need to assess which clinical settings
are best suited to the telehealth environment (eg, primary care
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vs specialty care settings). Approaches to integrating telehealth
can be expected to vary across settings with different workflow
patterns, clinical resources, and competing clinical demands,
which emphasizes the need for solid evidence. Third, outcomes
varied across the included studies, and some important outcomes
were not addressed by any study (eg, impact on clinical
workflow, patient satisfaction with telehealth experience, and
subsequent use). Fourth, investigators should be encouraged to
consider a priori subgroup evaluations or make individual
patient-level data available, so that future reviews can identify
patient-level characteristics associated with better outcomes
with telehealth. Finally, future studies should also actively solicit
and report patient perspectives and feedback on telehealth
interventions to better inform intervention design. Such
information can guide clinics and health care systems to offer
optimal patient-centered telehealth delivery and support efforts
to ensure equitable benefits and access to telehealth.

Strengths and Limitations
Our review benefited from being protocol-driven, leveraging
input from an expert panel consisting of clinicians and telehealth
researchers, identifying disease-specific clinical outcomes, using
an analytic framework to guide the understanding of telehealth
modalities, and using a detailed approach to categorize and
define telehealth components in chronic disease
self-management. In addition, our review was based on a clear
definition and use of telehealth. Notably, we acknowledge that
individual patient characteristics (eg, race and ethnicity, gender,
age, and rural status) may moderate the relationship between
the modality in which the clinical visit occurs and any
clinical-level and system-level outcomes.
Despite these strengths, our approach had some limitations.
First, we included only the studies that met the EPOC criteria
in this review; however, observational studies may have findings
relevant to the provision of synchronous telehealth for chronic
illness management. However, we do not believe that this
limitation largely affected our findings. Second, we focused
this review on 3 of the most prevalent chronic diseases, but
there may be appropriately designed studies that targeted other
conditions that we did not include. Third, we only included
studies conducted in OECD countries, and thus, we may have
missed relevant studies conducted in other countries. Fourth,
given the small number of studies that we identified, statistical
methods to detect publication bias were not conducted. Although
it is possible that individual health systems or clinics have
conducted quality improvement studies evaluating differences
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in experiences between synchronous and in-person
care—especially during the COVID-19 pandemic—we suspect
it to be unlikely that studies meeting EPOC criteria on this
intervention have not been published, given the recent emphasis
on the role of telehealth. Fifth, we identified few studies overall,
and most studies had <100 patients and were assessed as having
unclear or high ROB. Intervention core components, intervention
fidelity, and impact of intervention on clinical workflow were
not reported in any study. In addition, the interactions between
clinicians and patients during telehealth episodes were not
adequately or explicitly described, and most of our outcomes
of interest were not consistently reported across the studies.
These omissions limited the interpretation and replication of
the evaluated interventions. Sixth, the included telehealth
interventions used different telehealth modalities (email, phone,
and video) with different hardware, delivered via different
numbers of clinical interactions between patients and clinicians,
over a wide range of intervention durations, and within different
health care systems, which inherently make comparison between
them challenging. Finally, the studies included in our review
did not specify how they used or defined gender (man, woman,
or nonbinary) or sex (male, female, or intersex) in their
publications. Information on gender and sex is important to be
captured and described for telehealth studies and research.
Future studies should consider including observational studies;
studies on additional, highly prevalent chronic diseases; studies
conducted in non-OECD countries; and studies that do not meet
the EPOC criteria especially, as those conducted since the onset
of the COVID-19 pandemic may provide useful information.

Conclusions
The COVID-19 pandemic precipitated a rapid shift from
in-person to telehealth delivery, without a clear understanding
about the impacts of telehealth on important health outcomes.
Previous studies have found that telehealth modalities can
improve health outcomes through the supplementation of
in-person management of certain chronic diseases, particularly
with approaches such as remote monitoring and patient
education. However, we found that, currently, there is very little
evidence on the use of telehealth as a replacement for in-person
care for several chronic conditions and that the studies in this
area remain insufficient and methodologically inconsistent. In
conclusion, our review builds on this existing body of literature
by evaluating the comparative literature on the effectiveness of
telehealth visits delivered as a substitute for in-person visits for
chronic disease management and provides recommendations
for future studies in this area.
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Abstract
Background: Current evidence supports the use of wearable trackers by people with cardiometabolic conditions. However, as
the health benefits are small and confounded by heterogeneity, there remains uncertainty as to which patient groups are most
helped by wearable trackers.
Objective: This study examined the effects of wearable trackers in patients with cardiometabolic conditions to identify subgroups
of patients who most benefited and to understand interventional differences.
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Methods: We obtained individual participant data from randomized controlled trials of wearable trackers that were conducted
before December 2020 and measured steps per day as the primary outcome in participants with cardiometabolic conditions
including diabetes, overweight or obesity, and cardiovascular disease. We used statistical models to account for clustering of
participants within trials and heterogeneity across trials to estimate mean differences with the 95% CI.
Results: Individual participant data were obtained from 9 of 25 eligible randomized controlled trials, which included 1481 of
3178 (47%) total participants. The wearable trackers revealed that over the median duration of 12 weeks, steps per day increased
by 1656 (95% CI 918-2395), a significant change. Greater increases in steps per day from interventions using wearable trackers
were observed in men (interaction coefficient –668, 95% CI –1157 to –180), patients in age categories over 50 years (50-59 years:
interaction coefficient 1175, 95% CI 377-1973; 60-69 years: interaction coefficient 981, 95% CI 222-1740; 70-90 years: interaction
coefficient 1060, 95% CI 200-1920), White patients (interaction coefficient 995, 95% CI 360-1631), and patients with fewer
comorbidities (interaction coefficient –517, 95% CI –1188 to –11) compared to women, those aged below 50, non-White patients,
and patients with multimorbidity. In terms of interventional differences, only face-to-face delivery of the tracker impacted the
effectiveness of the interventions by increasing steps per day.
Conclusions: In patients with cardiometabolic conditions, interventions using wearable trackers to improve steps per day mostly
benefited older White men without multimorbidity.
Trial Registration: PROSPERO CRD42019143012; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=143012
(J Med Internet Res 2022;24(8):e36337) doi:10.2196/36337
KEYWORDS
systematic review; individual patient data; meta-analysis; steps/day; wearable tracker; cardiometabolic conditions; diabetes;
obesity; cardiovascular disease

Introduction
Background
Cardiometabolic conditions are the leading cause of death
worldwide, accounting for more than 41 million deaths annually
[1]. These conditions include obesity, diabetes mellitus, and
cardiovascular disease (CVD); these 3 common, intersecting
noncommunicable diseases affect almost two-thirds of the global
population [2,3].
The World Health Organization recently recognized physical
inactivity as a serious and growing public health problem and
has set out to reduce it by 10% before 2025 [4]. The United
Kingdom’s National Institute for Health and Care Excellence
also highlights the importance of physical activity for obesity
management, successful aging, CVD prevention, and weight
management during pregnancy [5]. The consequences of being
physically inactive include unhealthy weight gain, dyslipidemia,
and elevated blood pressure and blood glucose levels, all of
which heighten the risk of developing a cardiometabolic
condition [6].
Wearable physical activity trackers, such as accelerometers,
pedometers, and the Fitbit (Fitbit Inc), are portable electrical or
electromechanical devices that count each step a person takes
by detecting the motion of the person along the body’s long
axis [7,8]. They have become very popular for motivating and
monitoring (thereby increasing) physical activity in general and
in people with cardiometabolic conditions in particular [9,10].
Systematic reviews have suggested that the validity of various
wearable trackers, especially those measuring steps, is high,
and these reviews have found that they are useful for tracking
ambulatory physical activity in clinical populations [11-13].
Since many wearable trackers are affordable and user-friendly,
they are viewed as a good practical method for monitoring basic
https://www.jmir.org/2022/8/e36337
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physical activity [14], such as the number of steps per day, in
high-risk people with chronic cardiometabolic conditions
[15-17]. However, their long-term effectiveness in achieving
the desired behavior changes (ie, increasing steps per day) in
specific patient subgroups with cardiometabolic conditions is
unclear, and they may only succeed in the short term as “quick
fixes” [18].
Our recent meta-analysis of 38 randomized trials [19] suggested
that interventions using wearable trackers are moderately
effective at increasing physical activity, including steps per day,
in people with cardiometabolic conditions. The most promising
interventions were those that focused on the number of steps
per day. However, without individual participant data (IPD),
we could not conduct an assessment of patient factors, baseline
effects, and interventional differences, nor could we analyze
their importance [20]. This was a major constraint of the review
findings.
In IPD meta-analysis, rather than extracting summary (ie,
aggregate) data from study publications or from investigators,
original research data are obtained directly from the researchers
responsible for each study. These data are then re-analyzed
centrally and combined in the meta-analysis. The IPD approach
is becoming an increasingly popular tool compared to traditional
aggregate-data meta-analysis, especially as the IPD approach
avoids reliance on published results and provides an opportunity
to investigate individual-level interactions, such as
treatment-effect modifiers [20].

Objectives
In the present study, we undertook an IPD meta-analysis to
identify whether belonging to certain subgroups of patients with
cardiometabolic conditions, including groups with differing
age, sex, ethnicity, and number or combination of
cardiometabolic conditions, moderated the effectiveness of
interventions using wearable trackers in improving physical
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activity, measured by the number of steps per day. We also
examined the impact of interventional differences, such as
behavior change, device placement, delivery method, and
performance over time, on the effectiveness of interventions
using wearable trackers in improving steps per day.

Methods
This IPD meta-analysis followed a registered (PROSPERO
CRD42019143012) protocol. A statistical analysis plan was
produced in advance of analysis and the findings are reported
in accordance with the PRISMA-IPD statement [21].

Literature Search and Study Identification
We searched MEDLINE (Ovid), EMBASE (EBSCO),
CENTRAL, CINAHL, and PsycINFO from inception until
August 2018, without language restriction; this was updated in
December 2020 (Multimedia Appendix 1, pages 3-11).
Additional studies were obtained by citation tracking, extraction
from previous systematic reviews, and searches of trial registers
(ie, ClinicalTrials.gov and ICTRP). A list of all the search
sources and the data collection and management process are
detailed in the protocol for this paper.
Two researchers (AH and MP) independently identified the
citations and then fully screened the relevant manuscripts
according to the eligibility criteria. We included randomized
controlled trials (RCTs) or cluster RCTs involving adults (aged
16 years or older) with a cardiometabolic condition, defined as
a diagnosis (or high risk) of type 2 diabetes, CVD, or obesity
or overweight.
We included studies with an intervention program designed
around the daily usage of wearable trackers, such as pedometers,
accelerometers, and fitness trackers, rather than studies that
only measured performance at the beginning and end of the
study. Studies were required to have a usual-care comparator.
Participants’ steps per day in both intervention and usual-care
groups were measured in parallel using the same device. We
further required that studies reported a physical activity
assessment (ie, step count) at baseline and follow up using a
separate wearable tracker that all participants received
independently of their allocation (ie, both the intervention and
control groups). We adopted this eligibility criterion to be able
to reliably pool the results across the studies.
The primary outcome was the number of steps per day, measured
with any wearable tracker. Wearable trackers, either mechanical
(eg, spring levered) or electronic (eg, using GPS or actigraph
functionality), mostly monitored daily steps as the main outcome
of interest; intervention programs involving wearable trackers
often set goals for increasing the number of daily steps
incrementally over time and estimated and logged the total
distance travelled [22]. We excluded wearable trackers that used
other types of measurement output, because these vary
considerably in terms of their performance, choice of activity
measurement (ie, light, moderate, or vigorous activity, energy
expenditure, sedentary time, or stationary pattern) and intensity
and frequency of the physical activity (ie, bouts of exercise).
This would have made their pooling more problematic.
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Secondary outcomes included anthropometric measures,
glycated hemoglobin level (mmols/mol), blood pressure, and
cholesterol level.
Risk of bias (RoB) was independently assessed by 2 reviewers
(AH and MP) using the Cochrane RoB tool [23], alongside the
completeness and quality of the provided IPD. Results of IPD
studies were also compared with studies that did not supply
IPD.

Data Extraction and Assessment of IPD Integrity
We used IPD (obtained from November 2019 to October 2021)
to determine demographic characteristics that we chose a priori
in the protocol, such as age, sex, ethnicity, and comorbidity;
intervention characteristics, such as objective, duration, use of
a behavior change framework, delivery method and placement
of wearable tracker; and primary and secondary outcomes.
Continuous variables were kept continuous, but some were also
categorized when this was considered to be more clinically
meaningful. For instance, patient groups were split by median
age and by age range (20-49, 50-59, 60-69, and 70-90 years);
the total number of comorbidities, predefined as cardiometabolic
conditions including type 2 diabetes, hypertension, obesity or
overweight, metabolic syndrome, and any cardiovascular
condition; and BMI (normal 18.5-24.9 kg/m2; overweight,
25-29.9 kg/m2; obese, ≥30 kg/m2). Descriptive characteristics
(eg, age, comorbidity, education, and ethnicity) were analyzed
for intervention and control groups using ANOVA for
continuous variables and the chi-square test for categorical
variables. Following this, ethnicity was classified into 2 groups,
White European/North American and other ethnicities, to
improve the analysis of covariance (ANCOVA), due to the
limited number of patients in other ethnic groups.
Since all the trials provided above 70% of the IPD for the
corresponding primary outcome, we imputed any missing values
using the R package MICE: Multivariate Imputation by Chained
Equations [24], following Rubin’s principle for imputation [25].
The range of imputed values was bounded by the observed
values of the primary outcome, and baseline covariates (study,
intervention, age, sex, and baseline) were used to predict missing
data. The algorithms’ convergence was assessed, and sensitivity
analyses were performed using only cases with available data
(ie, complete cases).

Data Synthesis
Primary analyses used a 1-stage linear mixed effect model that
incorporated random effects to allow for heterogeneity across
trials [20,26,27], fitted using the Stata (version 16.1; StataCorp
LLC) commands mixed and ipdforest to summarize the evidence
by study and obtain forest plots [28]. Restricted maximum
likelihood was used for model estimation, and centering of
covariates by study-specific means was performed to avoid
aggregation bias [29].
As the primary outcomes were all objectively measured using
the standard unit of steps per day, the analysis was performed
using the mean difference (MD) between intervention and
control groups with the 95% CI. Differential effects were then
investigated by adding patient covariate parameters (ie, age,
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sex, ethnicity, and number of cardiometabolic conditions) and
interactions between covariates (ie, treatment-covariate
interaction terms) to the linear mixed model for the primary
outcome. Important and significant differential effects were
displayed through subgroup analysis plots.
Results from a 2-stage random-effects (DerSimonian-Laird)
meta-analysis were compared to results from 1-stage analyses
using the ipdmetan command, for consistency. The
Hartung-Knapp CI was used to account for uncertainty in the
variance estimate [30].
Heterogeneity was examined by visually inspecting forest plots
and using the I2 statistic with the 95% CI [31]. Publication bias
was assessed visually by using contour-enhanced funnel plots
and the statistical Egger test for asymmetry [32]. The Egger test
is performed using the following hypothesis, testing by P value:
the null hypothesis is symmetry in the funnel plot, and the
alternative hypothesis is asymmetry in the funnel plot. If P≤.05,
we reject the null hypothesis. If P>.05, we accept the null
hypothesis and reject the alternative hypothesis [33]. We
assessed for availability bias by comparing summary results of
the non-IPD studies with those from IPD studies [34].
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Sensitivity analyses of study-level factors were performed by
(1) comparing studies that used a social cognitive theory
framework as a guide for behavior change, (2) comparing studies
that used a goal or goals as part of the intervention, (3)
comparing the placement of the wearable tracker (ie, on the
waist or wrist), (4) comparing the delivery of the intervention
(ie, face to face or self-managed), (5) removing studies with
high or unclear RoB based on allocation concealment, and (6)
assessing the long-term performance (ie, beyond 6 months).

Ethical Considerations
Ethical approval and patient consent was not required as it had
already been obtain from the primary authors during their trial
period. Ethical waiver was provided and acknowledged by our
University international review board.

Results
Of 25 eligible RCTs (including 3178 participants) that used
wearable trackers and measured steps per day, we found that 9
studies (36%) had a median intervention duration of 12 (range
7-52) weeks, providing IPD for 47% of the total participants
(1481/3178) (Figure 1). A list of the eligible studies is provided
in Multimedia Appendix 1 (pages 12-14).
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Figure 1. Identification and selection of studies providing individual participant data for meta-analysis of interventions involving wearable trackers
for measuring steps per day in patients with cardiometabolic conditions. Con: control group; CVD: cardiovascular disease; int: intervention group; IPD:
individual participant data; RCT: randomized controlled trial.

Characteristics of Studies
Of the 9 included IPD studies, 5 were from North America
[35-40], 3 were from the United Kingdom [41-43], and 1 was
from Nigeria [44]. Wearable trackers were used in all 9 studies
[35,37-44] and the primary outcome was steps per day. Within
the IPD sample, 822 of 1481 patients were men (56%) and 907
https://www.jmir.org/2022/8/e36337
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of 1481 were 60 years or older (61%; range 25-86 years). A
total of 1231 of 1481 patients had (or were at risk of) type 2
diabetes (83%), 1262 of 1481 were obese or overweight (85%),
and 495 of 1481 patients had CVD (33%). Characteristics of
the studies that provided IPD and did not provide IPD are
presented in Multimedia Appendix 1 (pages 15-22); baseline
characteristics of the IPD are provided in Table 1.
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Table 1. Baseline characteristics of the individual participant data and imbalance assessment between treatment arms. Percentages are proportions of
observations to intervention or control arms, as applicable.
Characteristics

Intervention

Control

P valuea

Steps per day (in 1481 patients in 9 studies) (n), mean (SD)

6071.25 (3060.72)

6072.11 (3064.40)

.99

Age (in 1481 patients in 9 studies) (years), mean (SD)

60.53 (9.70)

60.73 (10.06)

.68

Height (in 986 patients in 5 studies) (cm), mean (SD)

124.00 (74.12)

126.73 (72.35)

.56

BMI (in 1325 patients in 7 studies) (kg/cm2), mean (SD)

32.03 (5.44)

32.11 (5.03)

.77

BMI by classification (in 1325 patients in 7 studies)

.40

Patients, N

680

645

Normal (18.5-24.9 kg/m2), n (%)

37 (5.4)

26 (4)

Overweight (25-29.9 kg/m2), n (%)

266 (39.1)

267 (41.4)

Obese (≥30 kg/m2), n (%)

377 (55.4)

352 (54.6)

Ethnicity (in 1414 patients in 9 studies)

.27

Patients, N

721

693

White European or North American, n (%)

534 (74.1)

510 (73.6)

African American, n (%)

105 (14.6)

116 (16.7)

Hispanic or Latino, n (%)

40 (5.5)

23 (3.3)

Mixed ethnicity, n (%)

27 (3.7)

29 (4.2)

Asian/Middle Eastern, n (%)

15 (2.1)

15 (2.2)

Education statusa (in 407 patients in 2 studies)

a

.60

Patients, N

210

183

Low (not completed secondary education to A level), n (%)

42 (20)

33 (18)

Medium (completed secondary education; ie, A level equivalent), n (%)

36 (17.1)

36 (19.7)

High (any further or higher education), n (%)

94 (45.8)

71 (38.8)

Preexisting CVD (in 495 patients in 3 studies), n/N (%)

44/230 (19.1)

84/265 (32)

.07

Preexisting type 2 diabetes (in 1231 patients in 4 studies), n/N (%)

370/619 (59.8)

403/612 (65.8)

.21

Preexisting hypertension (in 642 patients in 3 studies), n/N (%)

250/311 (80.4)

264/331 (79.8)

.83

Preexisting metabolic syndrome (in 471 patients in 2 studies), n/N (%)

194/240 (80.8)

201/231 (87)

.73

Depression score (in 347 patients in 2 studies), mean (SD)

2.24 (4.13)

2.29 (4.10)

.99

Smokers (in 578 patients in 3 studies), n/N (%)

87/282 (30.9)

84/296 (28.4)

.48

Mean values were compared with a 2-tailed t test and categorical covariates were compared with the chi-squared test or ANOVA.

Risk of Bias Assessments
The RoB assessment of studies that contributed IPD compared
with those that did not showed that the former had lower RoB
across all domains (Multimedia Appendix 1, page 22). The
assessments for each of the RoB domains of the IPD studies
are available in Multimedia Appendix 1 (page 23), and the
results of RoB assessments for non-IPD studies are available
in our earlier systematic review [19].

Efficacy of Wearable Trackers on Increasing Steps
per Day
In the 1-stage analysis involving all 9 studies and 1481
participants, wearable trackers were associated with small but
significantly improved levels of physical activity over the
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median intervention duration of 12 (range 6-52) weeks. The
number of steps was 1656 (95% CI 918-2395) greater in the
intervention than the control group (Figure 2). These results are
consistent with the 2-stage analysis (Multimedia Appendix 1,
page 32). The mean number of steps per day at the end of
treatment, without adjusting for baseline scores, was 6561 (SD
3336) in the wearable activity tracker intervention group and
6561 (SD 3340) in the control group; this was not a significant
difference (P=.99). Visual and statistical evidence (P=.002;
Egger test) of a small study effect was found in the funnel plots
(Multimedia Appendix 1, pages 24-30). After removing the
studies with high or unclear RoB from the analysis, the
symmetry of the funnel plot improved somewhat (P=.06).
Secondary outcomes showed insignificant differences
(Multimedia Appendix 1, page 31).
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Figure 2. Forest plot showing 1-stage meta-analysis of individual participant data from studies using wearable trackers to measure steps per day; the
mean postintervention difference in steps per day is also shown. MD: mean difference; REML: restricted maximum likelihood.

Covariate interaction effects for the primary outcome showed
that patients older than 50 years benefited more from using
wearable trackers. The interaction coefficient for patients aged
50 to 59 years was 1175.16 (95% CI 377.46 to 1972.86) steps
per day, with an individual group effect of 2006.83 (95% CI
1163.83 to 2849.82); in patients aged 60 to 69 years, the
interaction coefficient was 981.37 (95% CI 222.39 to 1740.35),
with an individual group effect of 1813.04 (95% CI 986.40 to
2639.68); and in patients aged 70 to 90 years, the interaction
coefficient was 1059.98 (95% CI 200.29 to 1919.66), with an
individual group effect of 1891.65 (95% CI 963.98 to 2819.31;
I2 15.5%). In contrast, for patients aged under 50 years the
interaction coefficient was 831.67 (95% CI –97.00 to 1760.33)
(Table 2).
The number of steps per day after using wearable trackers was
greater among men than women (interaction coefficient –668.3,
95% CI –1156.8 to –179.93). For men, the mean number of
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steps per day was 2006 (95% CI 1204.4 to 2807.6), while for
women, it was 1337.65 (95% CI 538.92 to 2136.37; I2 16%)
(Figure 3 and Figure 4). Patients with at least 2 comorbidities
showed a significantly lower number of steps per day; the
interaction coefficient for 2 comorbidities was –516.80 (95%
CI –1188.34 to –10.74), and the mean number of steps was
1344.70 (95% CI 421.62 to 1843.87). For patients with 3
comorbidities, the interaction coefficient was –876.44 (95% CI
–2071.88 to 509.41), and the mean number of steps was 570.17
(95% CI –304.66 to 870.08; I2 15.7%). In contrast, for patients
with only 1 comorbidity, the interaction coefficient was 1861.55
(95% CI 1061.6 to 2661.5). White patients also displayed a
higher step count after using wearable trackers (2189, 95% CI
1276 to 3102) compared to other ethnic groups (1194, 95% CI
280 to 2107); the interaction coefficient was 995 (95% CI 360
to 1631) steps per day (I2 21%).
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Table 2. Differential effects of wearable trackers on physical activity measured by steps per day among specific subgroups of patients.
Characteristic

Mean difference in steps per day,a n (95% CI) Treatment covariate interaction
Interaction coefficient (95% CI)

P value

I2, % (95% CI)

16.1 (5.0 to 41.1)

Age
≥60 years

1814.39 (996.51 to 2632.28)

1

N/Ab

<60 yearsc

1566.83 (766.98 to 2366.68)

–247.56 (–762.0 to 266.92)

.35

20-49 years

831.67 (–97.00 to 1760.33)

1

N/A

50-59 years

2006.83 (1163.83 to 2849.82)

1175.16 (377.46 to 1972.86)

.004

60-69 years

1813.04 (986.40 to 2639.68)

981.37 (222.39 to 1740.35)

.01

70-90 years

1891.65 (963.98 to 2819.31)

1059.98 (200.29 to 1919.66)

.02

Men

2006 (1204.4 to 2807.6)

1

N/A

Women

1337.65 (538.92 to 2136.37)

–668.3 (–1156.8 to –179.93)

.01

Other

1193.65 (280.31 to 2106.99)

1

N/A

Whited

2189.0 (1276.3 to 3101.65)

995.30 (359.80 to 1630.80)

.002

1

1861.55 (1061.6 to 2661.5)

1

N/A

2

1344.70 (421.62 to 1843.87)

–516.80 (–1188.34 to –10.74)

.04

3

570.17 (–304.66 to 870.08)

–876.44 (–2071.88 to –509.41)

.01

4

1078.28 (468.72 to 2077.31)

N/A

N/A

Age category
15.5 (4.8 to 40.2)

Sex
16.03 (5.0 to 40.91)

Ethnicity
20.5 (7.0 to 46.8)

Comorbiditiese
15.7 (4.6 to 41.7)

Cardiometabolic condition focus

a

Other conditionsf

1535.28 (–557.35 to 3627.91)

1

N/A

Type II diabetes

1942.47 (47.24 to 3837.70)

407.19 (–785.09 to 1599.47)

.50

16.2 (0.5 to 87.3)

Model accounted for baseline steps per day scores with analysis of covariance.

b

N/A: not applicable.

c

Per year of age.

d

White versus all other ethnicities.

e

Including type II diabetes, hypertension, angina, obese or overweight, and any other cardiovascular condition (excluding stroke).

f

Including hypertension.
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Figure 3. Gender effect for women. Forest plot showing 1-stage meta-analysis of individual participant data from women only, derived from studies
using wearable trackers to measure steps per day; the mean postintervention difference in steps per day is also shown. MD: mean difference; REML:
restricted maximum likelihood.

Figure 4. Gender effect for men. Forest plot showing 1-stage meta-analysis of individual participant data from men only, derived from studies using
wearable trackers to measure steps per day; the mean postintervention difference in steps per day is also shown. MD: mean difference; REML: restricted
maximum likelihood.

Further Sensitivity Analysis and Exploratory Analysis
Behavior change frameworks were used in 3 studies
[35,37,38,45], but did not appear to improve the number of steps
per day (the interaction coefficient was –1054, 95% CI –2785
to 677). Nevertheless, groups that did or did not use the program
https://www.jmir.org/2022/8/e36337
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still showed a statistically significant change (part of program:
2476, 95% CI 935 to 4017; not part of program: 1422, 95% CI
634 to 2211). In addition, studies that set goals for reaching
specific steps per day also did not appear to improve the number
of steps per day, nor did the placement of the wearable tracker
(ie, waist vs wrist) (Multimedia Appendix 1, page 33).
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Small but nonsignificant improvements in steps per day were
seen in studies with low RoB compared to studies with high or
unclear RoB. Studies that assessed the number of steps per day
beyond 26 weeks showed a lower (but nonsignificant) number
of steps per day compared to studies that assessed performance
in the short term (ie, less than 6 months). While both groups
showed statistically significant changes (<26 weeks: 2000, 95%
CI 1068 to 2932; ≥26 weeks: 1143, 95% CI 33 to 2254) when
they used trackers over the longer term (ie, beyond 6 months)
it was clear that performance waned by almost 1000 steps per
day compared to short-term use (ie, up to 6 months). Studies
that involved face-to-face delivery of the wearable tracker
significantly improved the number of steps per day (2630, 95%
CI 1835 to 3425) when compared to studies that involved only
self-regulated use of the tracker (850, 95% CI 325 to 1375) (the
interaction coefficient was 1780, 95% CI 826 to 2733).
Improvement in steps per day among the non-IPD studies was
significantly higher with the wearable trackers; results showed
almost double the number of steps per day (2854, 95% CI 1944
to 3763) compared to the IPD meta-analysis estimate
(Multimedia Appendix 1, page 34). However, including the
non-IPD studies in the meta-analysis increased bias from small
studies and worsened the funnel plot asymmetry (Multimedia
Appendix 1, pages 26-27).

Discussion
Principal Findings
This IPD meta-analysis confirms that interventions using
wearable trackers were effective at increasing physical activity,
as measured by total number of steps per day, in participants
with cardiometabolic conditions, compared to control groups,
over a median duration of 12 weeks. These improvements were
slightly lower than estimated by our aggregate-data
meta-analysis [19]. In this IPD meta-analysis, we identified
differential effects in relation to age, sex, and ethnicity of the
participants and the number of comorbidities present. Consistent
with our aggregate-data meta-analysis [19], we observed that
interventions that used wearable trackers with face-to-face
delivery by a professional were more effective at increasing
steps per day than patient self-managed interventions.
The benefits in terms of the mean difference in steps per day
after using wearable trackers in the short term were not as large
as seen in other meta-analyses [46,47], but at the end of
treatment, the activity tracker mean score increased to 6561
steps per day, which does appear to meet the recommended
number of daily steps as outlined in public health guidelines
[48,49]. For example, the average daily steps recorded were
just above the recommendation of 3000 to 6000 steps per day
made by the United Kingdom’s National Obesity Forum and
the recommendation of 3000 steps per day made by Northern
Ireland’s Public Health Agency [50]. However, the large
standard deviation (3336) from this mean score suggests that
some patients were still underachieving and did not meet the
goal for steps per day. Still, recent evidence [51] has shown that
for each daily increase of 1000 steps in physically inactive
individuals at baseline, the estimated risk reduction in all-cause
mortality is 6% to 36%, while the reduction for CVD is 5% to
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21%. An increase of 500 steps per day or the equivalent (eg, 5
minutes of brisk walking) is also considered the minimum
clinically important difference in steps per day in inactive adults
[52]. Further, a recent dose-response meta-analysis [53] of the
association between steps per day and all-cause mortality risk
indicated a strong inverse association; the risk decreased linearly
from 2700 to 17,000 steps per day. More specifically, the hazard
ratio for 10,000 steps per day was 0.44 (95% CI 0.31 to 0.63).
Even the most extremely physically inactive patients, such as
the ones in our study, are still likely to benefit from small gains
in steps per day.
Wearable trackers were predominately more effective in White
men, but were still somewhat effective in non-White men and
women. Evidence gathered from various countries shows that
women are less active than men (there is a global average of
31.7% inactive women vs 23.4% inactive men) and that barriers
to women’s involvement in sports are numerous and complex
[54-56]. Men tend to have more intrinsic motivators linked to
and leading to physical activity, such as the need or desire to
improve health, prevent disease onset, and improve body shape,
and are also more competitive [57]. In contrast, different stimuli
appear to motivate women of various ages to undertake physical
exercise, such as emotional involvement, socialization, mental
and physical well-being, and the achievement and maintenance
of a positive self-image [58]. Women may also have less time
due to daily household chores. Therefore, policies that address
the sex gap in physical activity could start with better access
and investment and by altering sociocultural norms. In relation
to ethnicity, there is evidence that non-White participants have
lower levels of physical activity and that their participation in
and benefit from physical activity programs are suboptimal,
due to lower access and socioeconomic and sociocultural bias
[59]. Our findings suggest that non-White women in particular
are less likely to achieve significant benefits from interventions
involving wearable trackers. This may be because of the
increased likelihood that they encounter social, economic, and
cultural barriers to physical activity that are unique to them.
Wearable trackers were also most effective for improving
physical activity in participants aged 49 years or more, and were
surprisingly ineffective in the 365 participants aged 50 years or
less. Although this could be a sample size issue, there are some
possible explanations for this finding. People under 50 years
old may be less likely to engage with wearable trackers due to
caring and work responsibilities, and they may have less time
to participate in daily physical activity [60]. Conversely, patients
aged between 50 and 60 years generally maintained better daily
physical activity levels than those over the age of 60. This may
be due to multiple comorbidities, which are likely to be the
leading cause of reduced physical activity in the older age group
[61].
Participants with a cardiometabolic condition have a relatively
higher likelihood of developing additional comorbidities,
meaning that many of these high-risk patients are often
diagnosed with 2 or more diseases [62]. As we have clearly
shown in this study, most patients do not meet the international
clinical guidelines for recommended steps per day, and when
cardiometabolic risk is combined with a comorbidity, the
steps-per-day performance was reduced even further. This result
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reinforces several key studies and policy guidelines, which show
that a worsening steps-per-day performance is highly associated
with multimorbidity [1,2,5,6,63]. Moreover, it is well known
that low physical activity increases weight, BMI, and waist
circumference, which are all key predictors for further
exacerbation of comorbid chronic diseases, including diabetes,
hypertension, and dyslipidemia [64]. For health care
professionals, effective and practical management of patients
with multimorbidity is important. A more sensitive
understanding of their lifestyles and their tendency toward
extremely low levels of physical activity will facilitate the
support of those most in need of it.
Secondary cardiometabolic biomarkers, such as blood sugar
glucose, measured as hemoglobin A1c (HbA1c), blood pressure,
cholesterol, and BMI or weight, were all found to not be
statistically significant, which may be unsurprising given the
short duration of the interventions (only 12 weeks). However,
one study [65] did find small but significant reductions in BMI
and systolic blood pressure when using pedometers, although
the patient population in this study involved a variety of
outpatients, who may not have been suffering from the same
severe underlying cardiometabolic health conditions. Another
study [47] investigated the effectiveness of setting physical
activity goals in patients with type 2 diabetes who used step
counters and did not report any significant reduction in HbA1c
level. Similarly, a meta-analysis [46] that compared
accelerometers and pedometers for improving physical activity
levels and HbA1c levels in people with type 2 diabetes showed
no significant differences between either type of tracker. While
our original review [19] did show significant reductions in
HbA1c levels, this can only be considered a small reduction in
effect size, and is not dissimilar to our findings based on IPD
(–0.19 vs –0.13).

Strengths and Limitations
This is the first IPD meta-analysis to assess the differential
effects of wearable trackers for important physical activity and
clinically relevant outcomes in participants with cardiometabolic
conditions. Strengths include a clear standardization of
definitions and outcomes, imputation of missing data, a robust
analysis that included ANCOVA [66], exploration of the
potential for differential effects [29], extensive data checking
and work with study investigators to ensure the quality of the
data set, and the inclusion of studies that mostly had low RoB.
Nevertheless, we were unable to obtain IPD from 16 studies,
which meant that 1697 of 3178 (53%) of potential patients were
missing. However, these studies were mainly small and
generally had a higher RoB than the included studies. Over
two-thirds of the IPD were from White participants, meaning
that all other ethnic groups (Black African, Asian, Hispanic,
and others) had to be combined into one category to allow for
adequate power in the subgroup analysis. Nevertheless, we
found that White patients had significantly higher step counts
than other ethnic groups. This result is similar to findings from
a recent prospective cohort study that assessed the association
of steps per day with premature all-cause mortality among Black
and White men and women with coronary artery risk and
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showed that Black participants took fewer steps than White
participants (median 8670 steps/day, IQR 6810 to 10,811, vs
median 9441 steps/day, IQR 7704 to 11,329, respectively;
P<.001) [67]. As 83% of the patients had or were at risk of type
2 diabetes and 85% of the patients were at least overweight or
obese, this meant that these 2 conditions largely overlapped in
the patient population, meaning that it was not possible to
properly adjust for this in the analysis. In addition, as only 33%
of the patients had CVD, and no other condition data were
provided in the IPD, these 2 conditions could only be compared
with CVD. Thus, we urge that these results are interpreted with
some caution and encourage better coding of condition data,
which would allow for more detailed analyses. Only 3 studies
[37,38,42,43] used a behavior change framework as part of their
intervention design, and only 3 studies [36-38,43] collected data
over the longer term (ie, at least 1 year). Both are clear
weaknesses that limit our understanding of sustained effects
over time, which is an important gap in knowledge [68].
Differences in tracker functionality may also have significant
effects on their performance. For instance, trackers are often
criticized for not measuring daily steps precisely enough,
particularly when the tracker becomes tilted below the waistline
in overweight or obese individuals [69-71]. However, some
more expensive wearable trackers that can sense movement in
a tilted position have shown promise [72]. Diversity in wearing
time and self-monitoring across the studies made it impossible
to effectively categorize this information for meaningful
subgroup analyses.
Moreover, following an update to our aggregate review, we
found that 8 studies, which included 414 participants, used
wearable trackers to measure physical activity with variable
measurement outputs rather than steps per day. We excluded
these 8 studies from our IPD meta-analysis because the
assessment of the differential effects would have been
underpowered, with only 414 participants available. Once the
evidence base is more developed, we strongly encourage future
efforts to compare our findings with those of studies using
additional measurement outputs or other wearable technologies
(eg, smartphone apps, smartwatches, and wristbands). Finally,
our last search update (in December 2020) could be considered
marginally outdated for an aggregate-data meta-analysis.
However, data acquisition, preparation, and analysis for IPD
meta-analyses requires considerably more time and resources
than aggregate-data meta-analyses. We strongly recommend
universal open access to trial data to speed access to IPD in the
future.

Conclusion
Interventions using wearable trackers were effective at providing
a small mean improvement in steps per day over short periods
of use in participants with a cardiometabolic condition.
Interventions with wearable trackers that were delivered and
guided by a professional were most effective in White men and
in those aged 50 years and older with only one comorbidity.
Future research should look at ways to extend the beneficial
effects of interventions with wearable trackers to other patients
(particularly women) with cardiometabolic conditions and for
longer periods.
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Abstract
Background: Psychological therapy is an effective treatment method for mental illness; however, many people with mental
illness do not seek treatment or drop out of treatment early. Increasing client uptake and engagement in therapy is key to addressing
the escalating global problem of mental illness. Attitudinal barriers, such as a lack of motivation, are a leading cause of low
engagement in therapy. Digital interventions to increase motivation and readiness for change hold promise as accessible and
scalable solutions; however, little is known about the range of interventions being used and their feasibility as a means to increase
engagement with therapy.
Objective: This review aimed to define the emerging field of digital interventions to enhance readiness for psychological therapy
and detect gaps in the literature.
Methods: A literature search was conducted in PubMed, PsycINFO, PsycARTICLES, Scopus, Embase, ACM Guide to Computing
Literature, and IEEE Xplore Digital Library from January 1, 2006, to November 30, 2021. The PRISMA-ScR (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews) methodology was applied. Publications were
included when they concerned a digitally delivered intervention, a specific target of which was enhancing engagement with further
psychological treatment, and when this intervention occurred before the target psychological treatment.
Results: A total of 45 publications met the inclusion criteria. The conditions included depression, unspecified general mental
health, comorbid anxiety and depression, smoking, eating disorders, suicide, social anxiety, substance use, gambling, and psychosis.
Almost half of the interventions (22/48, 46%) were web-based programs; the other formats included screening tools, videos,
apps, and websites. The components of the interventions included psychoeducation, symptom assessment and feedback, information
on treatment options and referrals, client testimonials, expectation management, and pro-con lists. Regarding feasibility, of the
16 controlled studies, 7 (44%) measuring actual behavior or action showed evidence of intervention effectiveness compared with
controls, 7 (44%) found no differences, and 2 (12%) indicated worse behavioral outcomes. In general, the outcomes were mixed
and inconclusive owing to variations in trial designs, control types, and outcome measures.
Conclusions: Digital interventions to enhance readiness for psychological therapy are broad and varied. Although these easily
accessible digital approaches show potential as a means of preparing people for therapy, they are not without risks. The complex
nature of stigma, motivation, and individual emotional responses toward engaging in treatment for mental health difficulties
suggests that a careful approach is needed when developing and evaluating digital readiness interventions. Further qualitative,
naturalistic, and longitudinal research is needed to deepen our knowledge in this area.
(J Med Internet Res 2022;24(8):e37851) doi:10.2196/37851
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readiness for change; stages of change; digital; motivation; engagement; uptake; mental health; mental illness; mobile phone
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Introduction
Background
Mental illness is a pervasive global problem, estimated to be
the second most prominent cause of the global burden of disease,
surpassed only by cardiovascular disease [1]. Psychological
therapy is both an effective and acceptable treatment for
common mental illnesses such as anxiety and depression [2,3],
with comparable outcomes across all approaches (ie, cognitive
behavioral therapy [CBT], psychodynamic, and person centered)
[4] and delivery formats (ie, face-to-face [FTF] and digital
format) [5]. Despite the demonstrated effectiveness of
psychological therapy, there remains an alarming difference
between the number of people with a mental illness and the
number of people being treated, often referred to as the mental
health treatment gap [6]. This gap is substantial and ever
expanding, as prevalence rises without a corresponding rise in
treatment outreach or provision [6].
One significant problem that perpetuates this treatment gap is
client engagement in therapy [7,8]. Engagement is a term with
many associated meanings [9,10]; for the purposes of this
review, we use it as an overarching term to represent client
uptake (ie, whether the client begins treatment), as well as the
client’s ongoing, active participation in treatment. Client
engagement is essential for clients to obtain said favorable
outcomes [11-13]; however, because it is an internal cognitive
state, it is difficult to measure [9]. Consequently, engagement
is often inferred from observing more easily quantifiable metrics,
such as adherence, dropout, and use in the digital realm. The
uptake rates of digital mental health treatments are estimated
to range from 3% to 25% [14]. Low use and high dropout rates
are persistent problems when it comes to digital solutions [15],
although similar problems also affect FTF modalities; between
17% and 25% of clients are estimated to drop out of FTF
psychotherapy [8,16,17]. Considering that only 20% of the
people with mental health problems seek treatment in the first
place [18], the problem becomes even more apparent. Therefore,
increasing client engagement is a key focus area in the wider
mental health sphere [10].

Barriers to Engagement
Many of the practical barriers that have historically impeded
access to and engagement with FTF psychological therapy (eg,
cost, accessibility, and time constraints) [19] have been reduced
with the emergence of digitally delivered treatments. However,
this new treatment modality introduces its own set of novel
barriers, such as internet anxiety, privacy concerns, lack of
confidence in using technology, and disbelief in the effectiveness
of the treatments themselves [20-22].
Arguably, the most significant barriers to engagement across
all types of therapy delivery stem from the client’s attitude
toward seeking help and engaging in therapy [23]. Among these
attitudinal barriers, low perceived need, a preference to deal
with the problem on one’s own, and internalized self-stigma
are the most common [21,23,24].
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Motivation to Change
Motivation is a term used to describe the analytical and habitual
processes that energize and direct behavior [25], thus
encompassing the attitudinal barriers discussed earlier, among
other factors. It is easy to assume that individuals presenting
for treatment are motivated to engage in the process and make
changes in their lives; however, research indicates that up to
80% of the people who seek treatment are not ready to change
and that a leading cause of treatment dropout and low adherence
is a lack of motivation [26,27].
The most prominent theory explaining motivation for therapy
and readiness for change is the Transtheoretical Model (TTM),
which posits that clients move through a series of stages on their
journey toward and through the process of change [28]. This
theory describes behavior change not only in terms of action
but also as a wider contemplative process that begins before a
person is even considering change [17]. The stages of change
presented in the TTM are precontemplation, contemplation,
preparation, action, and maintenance [28]; the stage a client is
in before treatment positively correlates with their outcomes
after treatment (ie, the further along they are in terms of the
stages, the better their outcomes) [29,30].
The mechanism by which a client’s stage of change affects their
overall therapy outcomes could manifest in their initial
experiences of treatment [31]. For example, if the client is in
the action stage at the onset of treatment, they can fully engage
with the process immediately rather than spending initial
sessions or interactions in ambivalence, thus delaying
improvements [32-34]. As symptom changes that occur early
in treatment are linked to greater overall treatment success
[11,33], targeting those clients who are not yet in the action
stage of change before they commence treatment, with
interventions designed to move them toward action, could mean
that more clients begin therapy, stay engaged, and reach positive
outcomes.

Motivational Interviewing
There are several FTF pretherapy interventions aimed at moving
clients through the stages of change and preparing them for
subsequent therapy. Examples of such pretherapy interventions
include motivational interviewing (MI), role induction, and
vicarious therapy pretraining [27]. MI is arguably the most
established of these interventions due to its significant effects
on client adherence to subsequent therapy as well as treatment
outcomes [26,32,35]. MI is a collaborative, discursive
therapeutic approach that aims to guide rather than direct clients,
fostering autonomy through open questions and evoking the
client’s personal reasons for change [36,37]. The specific
techniques or tools used by MI practitioners (we will refer to
these as “components”) include exploring reasons for change,
weighing up the pros and cons of change, developing
discrepancy between the client’s ideal and current states, and
building confidence and self-efficacy [38]. The key causal model
of MI is that client speech affects client outcome [39], meaning
that the more favorably a client talks about behavior change,
the more likely they are to make the change. Helping clients
achieve this “change talk” is a highly nuanced, conversational
art undertaken by skilled practitioners over multiple sessions
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[36]. Originally developed as a brief stand-alone intervention
for alcohol misuse, MI is now used as a pretherapy intervention
for a range of mental illnesses, including anxiety and depression
[35]. However, owing to its current FTF delivery format,
traditional MI is not a widely available or accessible option for
millions of people experiencing mental health difficulties around
the world. Finding a feasible way to deliver interventions, such
as MI, in a more accessible format could help more clients
become motivated and begin treatment ready to take action.

Digital Readiness Interventions
Digital methods of intervention delivery hold promise as a way
of creating accessible and timely solutions that can be easily
scaled to cover entire populations, including those who have
not yet reached out for help [10]. A recent systematic review
of technology-assisted MI indicated its potential in this area
[38]. However, in most of the included studies, the MI
components were integrated with other approaches (eg, CBT)
and used as stand-alone digital treatments targeted at changing
problem behaviors, such as alcohol use and smoking [38], rather
than as motivational pretherapy interventions. The extent to
which digitally delivered MI has been used as a readiness
intervention to prepare clients for therapy is unclear.
Furthermore, little is known about the feasibility of delivering
such a conversational and highly tailored process via digital
means [38].
Outside MI, other digital approaches have begun to emerge,
such as engagement-facilitation interventions, which aim to
increase both the uptake of and adherence to web-based mental
health programs [40]. The components of these interventions
differ from those used in MI; for example,
engagement-facilitation interventions include components such
as expectation setting, psychoeducation about symptoms and
treatment, treatment belief enhancement, symptom assessment,
and assessment feedback [20]. At present, little is known about
the full range of different types of digital interventions that are
being used to prepare clients for further therapy, the components
of these interventions, or the design processes used in their
development. Furthermore, research in this area is spread across
the digital health, behavior change, and human-computer
interaction fields. Thus, a review is needed to scope this topic
and clarify the current dispersed and diverse body of research.
Collaboration with clinical professionals and human-centered
design processes are key to developing effective mental health
interventions, given their sensitive and complex nature [41,42].
As this is an emerging field, formative research exploring
intervention design, development, and evaluation can provide
insights into opportunities, barriers, and design strategies that
can be used to create effective and acceptable solutions.

This Study
The aim of this study was to define the emerging field of digital
interventions to enhance readiness for psychological therapy.
By exploring the current state of research in this area, we hope
to identify the conceptual boundaries of the topic and identify
gaps in the literature. Our research questions were as follows:
1.

RenderX

2.
3.
4.

What components have been used in these interventions
and which of these show evidence of effectiveness?
What design processes have been used to develop these
interventions?
Is the digital delivery of preparatory interventions to
enhance readiness for psychological treatment feasible?

Methods
Protocol and Structure
The protocol for this review was registered with the Open
Science Framework on March 26, 2021 [43]. We used the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses for Scoping Reviews) guidelines
to structure our review [44].

Study Design
We chose a scoping review approach because the research
studies in question are heterogeneous in nature and spread across
multiple disciplines; they use different study designs to measure
different outcomes, with different populations, in different
contexts. As this is an emerging field, there are few boundaries
on the extent, range, and nature of evidence [44], and the
terminology used in the published literature is inconsistent and
varied [45]. Therefore, this exploratory review type is well
suited.

Eligibility Criteria
Publications were included for assessment if they met the
following criteria: (1) the article concerns an intervention, a
specific target of which is enhancing engagement with further
psychological treatment or therapy; (2) the intervention is
delivered digitally (ie, the primary active content of the
intervention is digital), but studies that use technology solely
as a means of synchronous communication (eg, web chat or
video calls) were excluded; (3) the intervention took place before
the target psychological treatment (ie, not combined or
performed in tandem with the target treatment); (4) the article
was written in English; (5) the article was published in a
peer-reviewed publication between 2006 and 2021; and (6) the
intervention was designed for adult or adolescent populations
(ie, age ≥12 years).
The rationale for examining only recent evidence (past 15 years)
is that digital technology is advancing rapidly; older studies
may be out of date in terms of client attitudes and acceptance
of technology [46]. Comparable time frames have been used in
many recent reviews on digital mental health technologies
[38,46,47]. We included adolescent populations in our review
because research indicates that the main barriers to engagement
with mental health treatments are comparable across adult and
adolescent populations [48].

Search Strategy
The following electronic databases were searched: PubMed,
PsycINFO, PsycARTICLES, Scopus, Embase, ACM Guide to
Computing Literature, and IEEE Xplore Digital Library. Search
terms reflected the 3 main eligibility criteria (Table 1).

What types of digital interventions have been used to
prepare clients for psychological therapy?
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Table 1. Search terms.
Criteria

MeSHa terms

Free-text terms

Target treatment (further psycho- “Mental Health” OR “Psychotherapy” OR
“CBT” OR “psychological” OR “mental ill-health” OR “anxiety”
logical treatment or therapy)
“Stress, Psychological” OR “Anxiety Disor- OR “depressi*” OR “stress” OR “wellbeing” OR “well-being” OR
ders” OR “Mood Disorders”
“resilience” OR “mood” OR “disorder*” OR “phobia*”
Digital delivery

“Therapy, Computer-Assisted” OR “Internet” “digital” OR “technolog*” OR “comput*” OR “e-health” OR
OR “Digital Technology”
“ehealth” OR “m-health” OR “mhealth” OR “mobile” OR “online”
OR “web” OR “web-based” OR “smartphone*”

Intervention type (readiness inter- “Transtheoretical Model” OR “Motivational “readiness” OR “pre-therapy” OR “pre-treatment” OR prepar* OR
vention; takes place before the
Interviewing”
“prelude” OR “prequel” OR “prior” OR “stage of change” OR
target treatment)
“stages of change” OR “motivation to change” OR “motivational
enhancement” OR “motivation interview” OR “motivational intervention”
a

MeSH: Medical Subject Headings.

Data Collection
An initial exploratory search of PubMed and ACM databases
was conducted, and words contained in the titles and abstracts
of retrieved papers were analyzed. The search terms were
adjusted based on the identified papers, and the final search
strategy was decided. Once the protocol was registered with the
Open Science Framework, a full search was undertaken across
all included databases in March 2021; the search was updated
in November 2021. Additional records were retrieved by
checking the reference lists of included articles.
The first and second authors (JJ and RB) began by independently
reviewing a subset (1300/9412, 15%) of the titles and abstracts
against the eligibility criteria and comparing their findings.
Discrepancies were found; hence, the eligibility criteria were
clarified through discussion between the 2 authors by using
relevant examples from the first sample reviewed. A further
subset (1300/9412, 15%) was reviewed, the findings were
compared, and consensus in decision-making about inclusion
and exclusion was reached. The remaining articles were then
split between the 2 reviewers (JJ and RB), who independently
assessed the titles and abstracts. The final list of selected articles
was reviewed by both reviewers. The first author (JJ) then
retrieved the full text of the selected articles, and both reviewers
independently evaluated them against the eligibility criteria.
Reasons for exclusion were recorded, and where there were
discrepancies, a discussion was held between the 2 reviewers,
and a consensus was reached on the final selection of articles.

Data Analysis
Data charting was performed in Excel (Microsoft Corporation)
by the first author (JJ), with checks and calibration by the second
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author (RB). The data charting form contained general study
details as well as variables related to research questions,
including target treatment, intervention type (eg, technology
used, duration, and interaction level), intervention pathway (eg,
how and when the intervention was delivered to clients and the
relationship between the intervention and target treatment),
intervention components, the model or framework used,
measures and outcomes, user experience or acceptability, design
process, critical appraisal (eg, limitations in the study, biases,
strength of methodology, and generalizability of results), and
key learnings.

Synthesis of Results
The charted data were further summarized based on the key
characteristics of the data. For example, within a charted column
such as the target treatment or duration, findings were assessed
in relation to each other, and overarching categories were created
based on the most common results. The frequency of
occurrences was then examined, and result tables were created.
In terms of more complex findings, such as components and
outcomes, separate Excel worksheets were created, where
individual studies or interventions could be explored in more
detail. Frequent checks of the full paper were conducted to
validate the initial charting.

Results
Study Selection
The search resulted in 13,571 hits. A further 1379 studies were
identified via other sources. After removing duplicates and
screening titles, abstracts, and full texts, 45 (0.30%) papers met
the eligibility criteria (Figure 1).
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Figure 1. Flow diagram of the study selection process.

Study Characteristics
The studies included in this review (Table 2) were mainly
conducted in the United States (17/45, 38%), Australia (9/45,
20%), and Germany (7/45, 15%). Only 2% (1/45) of the studies
included multiple countries [49]. In terms of study design,
among the 45 studies, 19 (43%) were randomized controlled
trials, 7 (16%) were observational studies, 6 (13%) were
protocols, 4 (9%) were studies exploring the development
process of interventions, 3 (7%) were pre-post designs, 2 (4%)
were nonrandomized controlled trials, 2 (4%) were historically
controlled studies, 1 (2%) was a qualitative evaluation, and 1
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(2%) study presented the results of multiple studies (2
randomized controlled trials and 1 pre-post study). Only 26%
(12/45) of the studies included qualitative data collection, 18%
(8/45) used mixed methods [50-57], and 9% (4/45) were purely
qualitative [58-61]. Depression (9/45, 20%) and unspecified
general mental health (9/45, 20%) were the most common target
conditions covered, with comorbid anxiety and depression being
the next most frequent (6/45, 14%). The other conditions and
problems targeted included smoking (5/45, 11%), eating
disorders (5/45, 11%), suicide (3/45, 7%), social anxiety (3/45,
7%), substance use (2/45, 4%), gambling (2/45, 4%), and
psychosis (1/45, 2%).
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Table 2. Characteristics of the included papers.
Author, study, and year

Study design

Country

Condition

Christensen et al [62], 2006

RCTa

Australia

Depression

Reis and Brown [63], 2006

RCT

The United States

General mental health

Haas et al [57], 2008

Observational

The United States

Suicide

Costin et al [64], 2009

RCT

Australia

Depression

Olson et al [56], 2009

Historically controlled

The United States

General mental health

Titov et al [65], 2010

RCT

Australia

Social anxiety

Brunette et al [66], 2011

NRCTb

The United States

Smoking

Johansen et al [67], 2011

RCT

The United States

General mental health

Strassle et al [68], 2011

RCT

The United States

General mental health

Ferron et al [69], 2012

Observational

The United States

Smoking

Reins et al [70], 2013

Protocol

Germany

Depression

Hötzel et al [71], 2014

RCT

Germany

Eating disorder

Taylor-Rodgers and Batterham [72], 2014

RCT

Australia

Anxiety and depression

Ahmedani et al [73], 2015

Pre-post

The United States

Depression

Ebert et al [14], 2015

RCT

Germany

Depression

King et al [74], 2015

RCT

The United States

Suicide

Batterham et al [75], 2016

RCT

Australia

Anxiety and depression

BinDhim et al [49], 2016

Observational

Australia, the United Kingdom, Canada, New Depression
Zealand, and the United States

Moessner et al [76], 2016

Observational

Germany

Eating disorder

Birnbaum et al [77], 2017

Observational

The United States

Psychosis

Bommelé et al [78], 2017

NRCT

The Netherlands

Smoking

Brown et al [55], 2017

Development process

The United States

Smoking

Griffiths et al [79], 2017

RCT

Australia

Social anxiety

Krampe et al [80], 2017

RCT

Germany

General mental health

Metz et al [81], 2017

Protocol

The Netherlands

General mental health

Muir et al [58], 2017

Development process

The United Kingdom

Eating disorder

Liu et al [60], 2018

Development process

New Zealand

General mental health

Suka et al [82], 2018

Observational

Japan

Depression

Batterham et al [40], 2019

Protocol

Australia

Anxiety and depression

Dannenberg et al [59], 2019

Development process

The United States

Depression

Denison-Day et al [54], 2019

RCT

The United Kingdom

Eating disorder

Dreier et al [50], 2019

Protocol

Germany

Suicide

Ebert et al [83], 2019

RCT

Germany

General mental health

Johansen et al [61], 2019

Qualitative

Norway

Gambling

McLean et al [84], 2019

Observational

Australia

Eating disorder

Shand et al [85], 2019

Protocol

Australia

Depression

Beck et al [51], 2020

Pre-post

Canada

Anxiety and depression

Brunette et al [86], 2020

RCT

The United States

Smoking

Duffy et al [53], 2020

Pre-post

The United Kingdom

Anxiety and depression

Peter et al [87], 2020

RCT

The United States

Gambling

Keller et al [52], 2021

RCT and pre-post

The United States

General mental health
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Author, study, and year

Study design

Country

Condition

Olthof et al [88], 2021

Protocol

The Netherlands

Substance use

Soucy et al [89], 2021

RCT

Canada

Anxiety and depression

Tobias et al [90], 2021

RCT

The United States

Social anxiety

Yoon et al [91], 2021

Historically controlled

The United States

Substance use

RCT: randomized controlled trial.

b

NRCT: nonrandomized controlled trial.

Types of Intervention
To assess the interventions analyzed in the included papers, we
first distinguished the interventions themselves from the papers.
A total of 6 studies in the sample [62,64,65,67,86,90] assessed
2 distinctly different interventions in their analysis (ie, the
components of the interventions were distinct); therefore, we
separated them into individual records. In all, 2 studies assessed
slight variations in the same intervention [52,87]; however, we
did not segregate these studies because they only reflected minor
variations in what was essentially the same intervention.
Furthermore, 3 sets of 2 studies in the sample analyzed the same
interventions: [66,69], [54,58], and [51,89]; therefore, we
grouped them together. The final list of 48 interventions is
analyzed in this section and the subsequent one.
We explored the interventions under several categories:
intervention format, target treatment or therapy for which the
intervention was designed to prepare clients for, the level of
support provided, whether the intervention was designed for
repeated or once-off use, the duration of the intervention, the
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theoretical model used, and how the intervention was delivered
to the client (Table 3). We found many variations in the types
of interventions used to prepare people for psychological
therapy. Almost half of the interventions (22/48, 46%) were
web-based programs; the other formats included screening tools,
videos, apps, and websites. Many of the included interventions
were not designed to prepare clients for a specific treatment but
instead to encourage general professional help seeking (27/48,
56%). Of those targeted at specific treatments, FTF therapy was
the most common (14/48, 29%), followed by web-based therapy
(6/48, 13%), and phone therapy (1/48, 2%). In terms of the
duration of the interventions, those that specified a duration
ranged from 15 seconds to 6 months, with most interventions
taking <90 minutes to complete (23/48, 48%). We also
investigated how and when the interventions were delivered to
clients. Most of the interventions (32/48, 67%) were delivered
to clients who had not already sought help via outreach methods
such as social media, marketing, or email. Excluding a study
that was unclear, the remaining 15 (31%) interventions were
delivered to clients who had already sought help or were
investigating help.
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Table 3. Types of interventions in the selected studies (N=48).
Category

Studies, n (%)

Intervention format
Web-based program

22 (46)

Screening tool

7 (15)

Video

6 (13)

App

4 (8)

Website

3 (6)

Automated emails and website

2 (4)

Screening tool and messaging

2 (4)

Advertisement

1 (2)

Advertisement and website

1 (2)

Target treatments
General professional help

27 (56)

Specific treatments

21 (44)

Specific face-to-face therapy

14 (29)

Specific web-based therapy

6 (13)

Specific phone therapy

1 (2)

Support
No support

35 (73)

Supported

13 (27)

Asynchronous (clinician)

5 (10)

Synchronous (digital)

4 (8)

Synchronous (clinician)

2 (4)

Asynchronous and synchronous (peer)

1 (2)

Asynchronous and synchronous (clinician)

1 (2)

Use
Once-off

28 (58)

Repeated

20 (42)

Intervention duration (estimated or average)
Duration (minutes or hours)

25 (52)

≤30 minutes

14 (29)

31-90 minutes

9 (19)

91 minutes-4.5 hours

2 (4)

Duration (weeks)

16 (33)

1-4

9 (19)

≥4

7 (15)

Duration not specified

12 (25)

Theoretical modelsa
No model mentioned

16 (33)

Motivational interviewing

16 (33)

Cognitive behavioral therapy

6 (13)

Transtheoretical model

4 (8)

Theory of planned behavior

4 (8)

https://www.jmir.org/2022/8/e37851

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37851 | p.351
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Jardine et al

Category

Studies, n (%)

Intervention delivery
Outreach (clients had not sought help)

32 (67)

Social media

9 (19)

Clinician or health service referral

8 (17)

Print marketing (flyers or brochures)

6 (13)

Trial panel (eg, Amazon Mechanical Turk)

6 (13)

Email (student email, newsletters, or from the electronic medical record portal)

5 (10)

Digital marketing (web-based advertisements or media)

5 (10)

Postal screening questionnaire

4 (8)

General practitioner waiting room

2 (4)

Events (community events or school workshops)

2 (4)

Before target treatment (clients had already sought help)

12 (25)

Before first use or session

6 (13)

On waiting list for treatment or assessment

3 (6)

During intake

2 (4)

Before intake

1 (2)

Self-selected (clients were interested in help)

3 (6)

Downloaded screening app

1 (2)

Via e-mental health portal

1 (2)

Via referral website for clinic

1 (2)

Unclear

1 (2)

a

Other models used in only 1 or 2 studies: health belief model, acceptance and commitment therapy, self-determination theory, unified theory of
acceptance and use of technology, screening brief intervention and referral to treatment, motivational enhancement therapy, theory of reasoned action,
and extended parallel process model.

Intervention Components
The 48 interventions examined in the included studies all
comprised several different topics and tools, which we refer to
as components. The most prevalent component was general
psychoeducation (40/48, 83%), followed by symptom
assessment (23/48, 48%) and information on various treatment
options (21/48, 44%). Refer Table 4 for a list of the 14 most
common components. Other components included in <4 studies
were self-monitoring, data security information, personal
strengths, therapeutic alliance and roles in therapy, acceptance,
imaginative exercises (eg, imagining ideal life or future with
or without treatment), MI techniques (eg, importance and
readiness rulers), and information about the effectiveness or
advantages of a specific target treatment.
Identifying components that showed evidence of effectiveness
was difficult owing to the variety of interventions and
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components covered in this review, as well as the diversity in
the outcomes of the experimental studies (see the Feasibility
section for a closer look at these outcomes). Some studies that
compared 2 interventions with different components found no
differences among the outcomes of these interventions [64,86];
however, other studies found the opposite (ie, different
components in similarly delivered interventions resulted in
significantly different outcomes [65,67,90]). In 2 studies aimed
at social anxiety [65,90], the addition of components such as
the pro-con list, goal setting, values, and planning led to
significantly greater engagement with further treatment or
help-seeking behaviors than did interventions without these
components. Interestingly, another study found that the
effectiveness of the components depended on the condition in
question; in this case, providing tailored feedback on screening
was detrimental when it came to social anxiety but not
depression [75].
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Table 4. Components used in the included interventions.
Component

Description

Frequency, n (%)

Psychoeducation

Information about condition, symptoms, risks, prevalence, treatment benefits, recovery
chances, and myth busting

40 (83)

Assessments

Self-administered assessments of symptoms or behavior

23 (48)

Treatment options

Information about potential treatment options

21 (44)

Assessment feedback

Tailored or generic feedback on assessments; for example, severity relevant to the general 18 (38)
population

Referral information

Direct contact information or guidance for further treatment

17 (35)

Testimonials

Videos or written stories from people with similar issues or from those who have been
through treatment

16 (33)

Expectation management

Guiding expectations on treatment or help seeking and expectation setting

16 (33)

Pro-con list

Cost-benefit analysis of change, treatment, or help seeking

15 (31)

Coping skills

Cognitive behavioral therapy skills (eg, cognitive restructuring or behavioral activation), 10 (21)
relaxation, mindfulness, and emotion regulation

Planning

Planning for change or treatment or planning for overcoming obstacles to change or
treatment (implementation intentions)

8 (17)

Goal setting

Personal goals, life goals, and treatment goals

8 (17)

Values

Using values to develop discrepancy between ideal and actual self

5 (10)

Self-efficacy

Building belief in ability to change, self-esteem, and positive self-affirmations

4 (8)

Problem-solving

Identifying problems, brainstorming solutions, and solution planning

4 (8)

Design Processes
Only 18 of the 45 (40%) included papers discussed how the
intervention was designed or developed. Of these 18 studies,
only 4 (22%) mentioned the design approach: a study used a
user-centered design [59], one used a person-based approach
[58], another used a participatory design [40], and the final study
used a participatory design, ethnography, and co-design [60].
In terms of the design methods used in the development of the
interventions, 9 (20%) studies included consultation with experts
or input from expert groups [56,58-60,63,77,84,89,91], 5 (11%)
studies used expert or user surveys [50,55,58,60,84], 4 (22%)
conducted focus groups with users [40,59,60,78], and 3 (7%)
conducted interviews with either users or experts [55,59,60]. A
total of 2 (4%) studies reported using working groups
comprising users with lived experience and experts to cocreate
the intervention [60,77], and 2 (4%) used expert-only working
groups [56,63]. A total of 12 (27%) studies reported conducting
user testing of their interventions, usually with an iterative
process of implementing feedback. A study conducted feasibility
testing with clinicians [56].

Feasibility
To better understand the effectiveness of the included
interventions, we took the controlled studies (24/45, 53%) and
charted their outcomes (Table 5). The outcome measures across
the studies were diverse and ranged from behavior to intentions
and attitudes toward further treatment. Other associated factors
such as symptom improvement, mental health literacy, stigma,
and acceptance were also used as proxy measures to infer
subsequent behavior or action. Controls included treatment as
usual, wait-list, no intervention, intervention control, and
attention controls. For the attention controls, we distinguished
https://www.jmir.org/2022/8/e37851
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between nonspecific treatment component controls and specific
treatment component controls [92].
Of the 16 studies that measured actual behavior or action (eg,
engagement with target treatment or help-seeking behavior), 7
(44%) showed evidence of intervention effectiveness compared
with controls [63,65,66,74,87,89,90]. However, these results
should be considered in the context of other findings in the
studies. For example, a study of an MI-based program aimed
at preparing clients for web-based CBT found that clients in the
intervention group (IG) spent longer time using the target
treatment than those in the control group (CG), but their
symptoms were actually worse after the treatment [89]. The
participants in this study were highly motivated to engage in
treatment at screening, which should also be noted along with
the results.
A further 7 studies found no differences between controls and
interventions in terms of behavior [54,62,64,67,68,78,86];
however, the other results in these studies provide vital
qualifying information. For example, Denison-Day et al [54]
offered the intervention to clients in the IG but allowed for
natural uptake, meaning that only 34% of the IG actually used
the intervention. Hence, no differences were found among
groups when 98% of those who actually used the intervention
engaged in further treatment. The type of control also had a
considerable impact on whether the interventions were found
to be “effective” (eg, Brunette et al [86] found no differences
among groups, but both groups were given interventions, and
both had high subsequent use of target treatment). In some
studies with no intervention controls, both groups were found
to exhibit high adherence to the target treatment [68].
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A total of 2 studies indicated worse behavioral outcomes for
the IG compared with the CG [75,80]. Again, the control and
other results need to be considered; in the study by Krampe et
al [80], the “treatment-as-usual” CG received both the digital
intervention and MI-based FTF psychotherapy sessions, whereas
the IG received the digital intervention alone, and their results
showed that the digital intervention was comparable with the
FTF control for those with high readiness to change scores [80].
In the study by Batterham et al [75], the IG received tailored
feedback after screening based on symptom severity, whereas
the CG received generic, untailored feedback. For clients with
social anxiety, tailored feedback led to lower treatment use and
intentions to seek help rather than generic advice. Study attrition
was lower in the IG than in the CG; however, this is another
factor to consider along with these results [75].
Considering the other variables measured in these studies, the
findings are mixed. Some indicated that the interventions
increased help-seeking intentions [72,83], whereas others
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showed no effect on intentions [64,71,79], despite their
effectiveness in improving attitudes toward treatment or
motivation to change. Some indicated improved symptoms
[62,71,78], whereas others reported reduced stigma or improved
literacy [14,52,72,79]. In addition, all the pre-post studies in
the review found that their interventions either reduced client
symptoms [53,73] or increased client interest in further treatment
[51,73], and all the observational studies in the sample indicated
positively skewed effects of their interventions on help-seeking
actions, behaviors, or intentions [49,57,69,76,77,82,84].
No obvious patterns were observed among intervention format,
support level, duration, components (see the Intervention
Components section), condition, target treatment or intervention
delivery, and whether interventions were effective. Several
studies that compared interactive and noninteractive
interventions suggested that interactivity is important for
effectiveness [62,87,90]; however, the opposite result was also
found [86].
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Table 5. Outcomes of the controlled studies in the sample (standardized measures are abbreviated).
Study

Study design

Control

Sample
size, N

Intervention

Measures

Significant outcomes

Olson et al
[56]

Historically controlled

TAUa

163

Screening
tool

Acceptance and quality of physician
IGb more likely to discuss alcohol and
appointment survey; qualitative physi- tobacco use with physician but not mood
cian feedback
disorders. IG increased acceptance of
subsequent physician appointment

Yoon et al
[91]

Historically controlled

TAU

301

Screening
tool

Screen for unhealthy drinking behaviors and alcohol use disorders; motivation to change and referral interest survey; acceptance survey

CGc used to compare response rate only
(responses were comparable). Only 16%
of the IG had unhealthy drinking habits.
Of these, 14% were interested in further
help, and 40% would cut back on their
own

Bommelé et
al [78]

NRCTd

NTCCe

757

WPf

POg: receptivity to information, motivation to change, self-efficacy and re-

IG more receptive to information than
CG after the intervention but not at the
2-week or 2-month follow-up. IG had
reduced smoking at all time points. No
differences in quit attempts or referral

ferral interest survey; SOh: cigarettes
per day and quit attempts
Brunette et
al [66]

NRCT

Wait-list

41

WP

PO: treatment seeking and motivation
to change survey (verified by medical
records); SO: FTNDi; 1 item from
SCSj; ATSk

Strassle et al RCT
[68]

No intervention

68

Video

PO: return for second session of TTl;

IG more likely to have taken action toward change than CG (eg, attempting to
quit, meeting with a clinician to discuss,
or start treatment)

therapist measures: GAFp; CASF-Tq

No differences between IG and CG in
adherence to TT, therapeutic alliance, or
TT outcomes (all clients had high adherence to TT)
IG had higher acceptance, expectations,
and literacy and lesser internet concerns
than CG. No differences in social opinions or help-seeking attitudes

m

n

o

SO: SCL-90 ; IIP-32 ; CASF-P ;

Ebert et al
[14]

RCT

No intervention

128

Video

PO: acceptance survey; SO: expectations, social opinions, internet concerns, help-seeking attitudes, and webbased therapy literacy survey

Ebert et al
[83]

RCT

No intervention

1374

Screening
tool

PO: intention to seek help survey;

Soucy et al
[89]

RCT

No intervention

231

WP

PO: CQv; TT lessons accessed; GAD- IG spent longer in TT than did CG. IG
had higher anxiety and perceived disabil7w; PHQ-9x; SO: motivation to engage
ity at post-TT period than did CG. No
in TT survey; acceptance survey; K10y; differences in motivation or acceptance
SDSz

Christensen
et al [62]

RCT

NTCC

414

2 IGs: Waa
and WP

CES-Dab; help- and treatment-seeking Both W and WP reduced depression
symptoms compared with CG. W less
survey
likely to seek informal help than CG. WP
more likely to use certain evidence-based
treatments

Reis and
Brown [63]

RCT

NTCC

125

Video

Therapist measure: TSQac

IG had lower dropout from TT than did
CG

Costin et al
[64]

RCT

NTCC

348

2 IGs: both
automated
emails and
W

PO: AHSQad; informal help-seeking

No differences among IGs or between
IGs and CG in help-seeking behavior,
intentions, literacy, or depression symptoms. IGs had more positive beliefs
about formal help than did CG

Johansen et
al [67]

RCT

2 IGs: WAaf
video and

Acceptance survey; PANASah; WAI-

NTCC

105

EAag video
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IG had higher intentions to seek help
moderators: CIDISr; AUDITs; CSSRt; than CG. Intervention was more effective
for those with panic disorder and worse
SITBIu; subjective health, lifetime and
physical health and those who were
current treatment use, intention to use
nonheterosexual. No effect of intervenmental health services, barriers to
tion for those in the action stage of
treatment use, and readiness to change
change
survey

ae

survey; SO: GHSQ ; beliefs about
help-seeking survey; depression and
help-seeking literacy survey; CES-D;
acceptance survey

ai

S (client and therapist); return for
second session of TT

WA had higher negative affect and lower
therapist-rated alliance than CG. No difference in client-rated alliance among
IGs. No differences in adherence to TT
between IGs and CG
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Control

Sample
size, N

Intervention

Measures

TaylorRCT
Rodgers and
Batterham
[72]

NTCC

67

WP

PO: A-Litaj; D-Litak; LSSal; DSSam;

Griffiths et
al [79]

RCT

NTCC

King et al
[74]

RCT

an

Significant outcomes

ao

ap

GASS ; SOSS ; ATSPPH-SF ;
GHSQ; SO: PHQ-9; GAD-7; acceptance and adherence survey
83

WP

PO: GHSQ; SO: ATSPPH-SF; SALitaq; SASS-Iar; perceived need for
treatment and interest in TT; acceptance survey

STCC

Batterham et RCT
al [75]

STCC

Peter et al
[87]

STCC

RCT

76

2773

805

IG had increased anxiety literacy, helpseeking attitudes and intentions, and reduced depression stigma compared with
CG. No differences in symptoms, acceptance, or adherence
IG had higher literacy, perceived need,
and positive attitudes toward treatment
than did CG. No differences in helpseeking intentions or stigma

Screening
tool and
messaging

Perceived need for help and treatment

Screening
tool

PO: AHSQ; SO: PHQ-9; SOPHSat 2
items from GHSQ; AQoL-4D ; selfreported days out of role

IG had higher study attrition than did
CG. For social anxiety, IG had lower
treatment use and intentions to seek help
than did CG, no differences found for
depression

2 IGs:
screening

PO: choice between BBGSax and 3

IM more likely to complete gambling
screener than NM or CG

tools—IMav
and NMaw

use survey; 2 items from DDSas;
readiness to access help survey

au

ay

items from GBQ ; moderators: gambling history, psychological distress,
and treatment interest survey

IG had higher readiness to access help
and use treatment and lower stigma than
did CG at the 2-month follow-up

Titov et al
[65]

RCT

Interven108
tion control

2 IGs:
WPs—Education and
Education+Motivation

PO: SIASaz; SPSba; SO: PHQ-9; K-10, Education+Motivation had higher use of
TT than Education. No differences in TT
SDS, and CEQbb; literacy and motivaoutcomes or acceptability. No differtion to change survey; time spent, logences in motivation to change
ins, and homework downloads of TT

Tobias et al
[90]

RCT

Interven267
tion control

2 IGs:
WPs—Education and
Education+Motivation

Motivation for individual treatment
steps, attitudes toward and intentions
to seek treatment, perceived ability to
engage in treatment seeking, and treat-

Education+Motivation had improved
treatment-seeking attitudes and behaviors, compared with Education. Both
groups improved on all outcomes

ment use survey; CSQ-8bc

Brunette et
al [86]

RCT

Interven162
tion control

2 IGs:

DenisonDay et al
[54]

RCT

TAU

313

WP

PO: attendance at initial assessment
appointment; SO: use of TT, acceptance, and motivation (interview)

Krampe et al RCT
[80]

TAU

220

Screening
tool

PO: treatment use; SO: URICAbh; BSI- IG had lower treatment use and worse
symptoms than CG. IG and CG were
GSIbi
comparable for those with high readiness
to change scores

Keller et al
[52]

Wait-list

320

3 IGs:
SSOSHbj; stigma survey
videos—7
minutes, 13
minutes, and
17 minutes

RCT
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PO: treatment use (verified by medical No differences between IWP and DEP
WPs—IWPbd records); SO: expired carbon monox- in TT use, quit attempts, or abstinence
ide; TFBbf (quit attempts); PUEUSbg (both groups had high use of TT)
and DEPbe
No differences between IG and CG in
attendance at initial appointment. Only
34% of the IG used the intervention, and
of these, 98% attended the appointment

Only the 17-minute IG reduced stigma
compared with CG
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Study

Study design

Control

Sample
size, N

Intervention

Measures

Hötzel et al
[71]

RCT

Wait-list

212

WP

PO: SOCQ-EDbk; SO: P-CEDbl;
SES

bm

Significant outcomes

bn

; RSES ; EDE-Q

bo

IG had higher motivation to change, selfesteem, and symptom improvement than
CG. No differences in motivation to begin treatment

TAU: treatment as usual.

b

IG: intervention group.

c

CG: control group.

d

NRCT: nonrandomized controlled trial.

e

NTCC: nonspecific treatment component controls.

f

WP: web-based program.

g

PO: primary outcomes.

h

SO: secondary outcomes.

i

FTND: Fagerström test for nicotine dependence.

j

SCS: Stage of Change Scale.

k

ATS: Attitudes Toward Smoking Scale

l

TT: target treatment.

m

SCL-90: Symptom Checklist-90-Revised.

n

IIP-32: Inventory of Interpersonal problems-32.

o

CASF-P: Combined Alliance Short Form-Patient version.

p

GAF: Global Assessment of Functioning Scale.

q

CASF-T: Combined Alliance Short Form-Therapist version.

r

CIDIS: Composite International Diagnostic Interview Screening Scales.

s

AUDIT: Alcohol Use Disorders Identification Test.

t

CSSR: Columbia Suicidal Severity Rating Scale.

u

SITBI: Self Injurious Thoughts and Behaviors Interview.

v

CQ: Change Questionnaire.

w

GAD-7: Generalized Anxiety Disorder 7-item.

x

PHQ-9: Patient Health Questionnaire 9-item.

y

K-10: Kessler 10-item.

z

SDS: Sheehan Disability Scales.

aa

W: website.

ab
ac

TSQ: Termination Status Questionnaire.

ad
ae

CES-D: Centre for Epidemiological Studies Depression Scale.
AHSQ: Actual Help Seeking Questionnaire.

GHSQ: General Help Seeking Questionnaire.

af

WA: working alliance.

ag

EA: experimental acceptance.

ah

PANAS: Positive and Negative Affect Schedule.

ai

WAI-S: Working Alliance Inventory.

aj

A-Lit: Anxiety Literacy Scale.

ak

D-Lit: Depression Literacy Scale.

al

LSS: Literacy of Suicide Scale.

am

DSS: Depression Stigma Scale.

an

GASS: Generalised Anxiety Stigma Scale.

ao

SOSS: Stigma of Suicide Scale short form.

ap

ATSPPH-SF: Attitudes Toward Seeking Professional Help Short Form Scale.

aq

SA-Lit: Social Anxiety Literacy Questionnaire.

ar

SASS-I: Social Anxiety Stigma Scale.

as

DDS: Discrimination-Devaluation Scale.

at

SOPHS: Social Phobia Screener.

au

AQoL-4D: Assessment of Quality of Life.

av

IM: interactive message.

https://www.jmir.org/2022/8/e37851

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37851 | p.357
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Jardine et al

aw

NM: noninteractive message.

ax

BBGS: Brief Biosocial Gambling Screen.

ay

GBQ: Gamblers’ Beliefs Questionnaire.

az

SIAS: Social Interaction Anxiety Scale.

ba

SPS: Social Phobia Scale.

bb

CEQ: Credibility/Expectancy Questionnaire.

bc

CSQ-8: Client Satisfaction Questionnaire.

bd

IWP: interactive web-based program.

be

DEP: digital education pamphlet.

bf

TFB: Timeline Follow-Back method.

bg

PUEUS: Perceived Usefulness and Ease of Use Scale.

bh

URICA: University of Rhode Island Change Assessment.

bi

BSI-GSI: Global Severity Index of the Brief Symptom Inventory.

bj

SSOSH: Self-Stigma of Seeking Help Scale.

bk

SOCQ-ED: Stages of Change Questionnaire for Eating Disorders.

bl

P-CED: Pros and Cons of Eating Disorders Scale.

bm

SES: Self-Efficacy Scale.

bn

RSES: Rosenberg Self-Esteem Scale.

bo

EDE-Q: eating disorder symptomatology.

Discussion
Principal Findings
This scoping review explores digital interventions to enhance
readiness for psychological therapy. These interventions are
delivered most often as unsupported web-based programs
designed for once-off use that takes <90 minutes. They are used
to prepare clients for specific therapies or, more generally, to
enhance readiness for professional treatment; they are provided
to clients either via outreach methods for those who have not
sought help, or they are inserted into the care pathway before
the main treatment for those who have already reached out.
Thus, these interventions appear to cater to clients across
multiple stages of change, from those in precontemplation, who
are not yet aware that they need help, to those in the preparation
stage, who are taking initial steps toward change.
What is the most apparent from this review is the substantial
variation not only in the types of digital readiness interventions
that have been used but also in their development, delivery, and
evaluation. When it comes to the feasibility of digitally
delivering interventions, the included studies indicate that there
is potential in this area. The current state of the literature,
however, does not yet support the possibility of determining
which components or types of interventions are effective or not
effective; this is a complex undertaking with multiple factors
to consider. For example, in some contexts, interactivity appears
to be an important aspect of these interventions, which makes
sense when considering the conversational nature of traditional
FTF MI. However, many simple, noninteractive interventions
such as videos and advertisements were also effective at
improving variables related to further treatment seeking or
engagement. Despite the variability among the studies included
in this review, several common topics emerged: tailoring to the
stage of change, intervention pathways, risk, and evaluation.

Tailoring to the Stage of Change
The existing literature indicates the effectiveness of tailoring
psychosocial interventions to clients’ stages of change [29].
Several studies in our review involved tailoring to the stage of
change [58,69,73,84]. In 2 studies, tailoring involved a simple
2-way split, with different content for those who were interested
in further treatment and those not interested [69,73]. In one of
these studies, clients who were not yet interested in further
treatment were given CBT coping techniques as a way to show
them how treatment works and how effective it can be, rather
than simply telling them this [73]. When clients are highly
motivated, tailored interventions tend to focus on the practical
aspects of engaging with further treatment (ie, choosing the
right treatment, setting expectations, and planning).
The effective identification of a client’s stage of change is a
significant aspect of tailoring. This can be done by asking simple
binary questions, such as those in the aforementioned studies
(eg, Are you interested in treatment?) or more formally with
readiness measures such as the General Help Seeking
Questionnaire [93], Stage of Change Scale [94], or University
of Rhode Island Change Assessment [95]. One interesting
website intervention used the stages of change to frame the
headings of the main website navigation (ie, “Do I have a
problem?” “Should I get help?” “I want and need help?” “I have
tried to get help”), giving the client agency in self-selecting
their own stage and thus controlling and tailoring their own
journey [84]. Outside the stages of change, information-based
interventions can be tailored to the client’s personal
circumstances and needs at a broader level. For example, Dreier
et al [50] provided suicide stigma interventions that were
modified depending on whether clients had a suicide attempt
in the past, had suicidal thoughts, had lost a close person by
suicide, were fearing the loss of a close person by suicide, or
were interested in the topic in general.
In all, 2 studies in this review illustrate the importance of
effective stage identification and tailoring, with findings
indicating negative or no effects of their inventions on those
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who already had high motivation or intentions to seek help
[83,89]. Previous research also demonstrated that FTF MI is
most beneficial for those who are not already motivated or
engaged in treatment [96]. However, in contrast to this, Krampe
et al [80] found that their brief digital intervention was as
effective as FTF MI–based psychotherapy but only for clients
who were already motivated. Tailored digital readiness
interventions have the potential to bridge the divide between
client and treatment, providing light-touch interactions for those
who are already motivated as well as more detailed programs
for those in earlier stages of change. For clients, these
interventions could serve as stepping stones between information
gathering and formal treatment, with layered interactions that
support individuals on their journey through the stages of change
[77].

Intervention Pathways
The implementation of digital readiness interventions involves
both onboarding (ie, the uptake of the intervention itself) and
off-boarding (ie, the link between the intervention and further
treatment). In terms of onboarding, the first point of contact and
framing of digital readiness interventions are crucial, as uptake
issues can drastically impact their effectiveness in the real world.
Denison-Day et al [54] found that although their intervention
was highly effective for those who used it, only 34% of the IG
actually used it (they offered participants the intervention but
allowed for natural uptake). They noted that simply offering
new interventions to address the problem of target treatment
engagement may not be enough, and approaches focused on
low engagement may need to be considered even earlier in the
treatment pathway. An interesting aspect of their intervention
(further detailed in the development process paper by Muir et
al [58]) was that instead of aiming to prepare clients for the full
extent of treatment, they framed it as preparation for the initial
assessment appointment only. This removed some of the
overwhelming aspects of thinking about full “recovery” and
instead allowed clients to take their treatment journey 1 step at
a time [58]. How the first step on a client’s journey is presented
and by whom could have an impact on the client’s subsequent
progress toward change.
Several studies included in this review were conducted in health
care settings, where client trust has already been established
[59,80,91]. Embedding readiness interventions within existing
pathways, such as routine screening, general practitioner waiting
rooms, or treatment waiting lists, can draw on this trust and help
the client gain direct access to appropriate services. Regarding
off-boarding, many studies in this review noted that access to
the target treatment needs to be provided in a timely manner
following the readiness intervention, as motivation wanes over
time [66,74,78,82,86,90]. Moessner et al [76] included clinician
monitoring of client deterioration as part of their intervention,
allowing clients to take their time to become ready for treatment,
while still being supported. In the intervention developed by
Brown et al [55], the first session of the target treatment
immediately followed the readiness intervention (if the client
wanted to proceed), making the most of their motivation and
removing any lag time between the interventions. Where digital
readiness interventions fit within the wider context of client
https://www.jmir.org/2022/8/e37851
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pathways appears to be an important consideration for both their
development and evaluation.

Risk
An important aspect that surfaced while reviewing these studies
was the potential risk of readiness interventions impairing
treatment engagement, reducing help seeking, worsening
symptoms, and increasing self-stigma. Batterham et al [75]
found that tailored feedback on screening reduced help seeking
for individuals with social anxiety compared with a control that
was just generic information; the directive nature of this
feedback may have come across as particularly confrontational
to clients experiencing difficult emotions centered on their
interactions with others. Similarly, Johansen et al [67] found
that a video providing information on the working alliance
between the client and therapist led to more negative emotions
for the client and no improvement in working alliance ratings.
Information designed simply to “prepare” clients for what is to
come can potentially lead to negative emotions and
apprehension, which can in turn affect readiness for treatment.
Stigma adds another layer of complexity to the help-seeking
and treatment readiness process; Keller et al [52] found that
informational videos on suicide prevention increased empathy,
while simultaneously decreasing help seeking. Previous research
shows that different types of stigma (eg, public stigma vs
internalized self-stigma [97]) affect help seeking in different
ways [98]. How we interpret the experiences and emotions of
other people is distinct from how we perceive our own internal
states. When addressing stigma with a digital readiness
intervention, care should be taken as to which types of stigma
are being targeted and the intricate relationships among them.
Furthermore, stigma is not only complex, layered, and
subjective, but even the act of measuring it can reproduce or
reinforce stigmatizing attitudes [50]. Individual emotional
responses to engaging in treatment for mental health difficulties
are sensitive and differ from person to person; a delicate,
cautious approach is clearly needed when developing and
implementing readiness interventions.

Evaluation
The final discussion concerns the evaluation of readiness
interventions and issues when conducting research in such a
sensitive area. Several studies in this review found that clients
in the control arms improved as much as those in the
intervention arms [64,68,86]. Considering the large battery of
measures used in several studies and the fact that screening was
a core component in many of the included interventions, it is
difficult to separate the effects of the interventions themselves
from the overall effects of trial participation. Although this is
often the case with research trials, the specific light-touch,
preparatory nature of these interventions makes them more
susceptible to this reactivity. Perhaps, in many cases, being
included in a trial focused on help seeking constitutes a readiness
intervention in itself.
In addition, the trial design has a significant influence on the
“effectiveness” of a given intervention. Constrained processes
that force engagement with an intervention may provide rigor
in intervention effects but have little ecological validity. There
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is also potentially greater baseline motivation among people
who are prepared to participate in clinical trials than among the
general population [65]. The real-world uptake of digital
readiness interventions is key to their effectiveness. Naturalistic
studies could therefore be a more useful method of
understanding how these interventions would function in
practice.
Another aspect of evaluation involves the chosen research
methodology, which not only has a fundamental impact on the
outcomes of the study but also on how we come to understand
complex social constructs such as stigma, motivation, and the
stages of change. Using quantitative measures to isolate and
examine phenomena such as attitudes and emotions is limited
because these experiences are highly subjective and contextual
[52]; we miss vital information when we detach these
occurrences from what gives them meaning. Considering that
only one-fourth of the studies in this review included qualitative
data collection, there exists a significant gap in our
understanding of the nuances of this process at the individual
level. Furthermore, many of the studies in this review used
proxy measures, such as intentions and attitudes, to infer
potential future action although the attitude-intention-behavior
models that underpin these inferences have been contested in
research across several fields [99-101]. This review suggests
that the measurement of digital readiness interventions requires
careful consideration because of the many intricacies involved.

Limitations
There are several limitations to this study. First, we did not
include help seeking as a search term (we decided to focus our
search on the more general areas of readiness, preparation, and
motivation); therefore, our coverage of help-seeking
interventions was not comprehensive. Furthermore, our
digital-only inclusion criteria excluded some interesting
interventions that could easily be reproduced digitally (eg, a
postal survey on implementation intentions [102] and an
educational handout about the dose-effect relationship of therapy
and expectation setting around treatment length [103]).

Implications for Research
Given the inconclusive nature of findings presented here, further
research is needed to enhance our knowledge and shape the
field of digital readiness interventions for psychological therapy.
In-depth qualitative research is crucial to understanding
individual differences in emotional responses to readiness
interventions and how constructs such as self-stigma affect
motivation. Longitudinal research could also provide insights

Jardine et al
into individual trajectories through the stages of change because
the process of becoming ready for treatment can be a long-term
one, involving many layers and influences [76]. Recent
phenomenological research indicates that change is perhaps a
more continuous, internal, and holistic process than the TTM
allows [104], and therefore, mapping the process of change in
relation to readiness for mental health treatment would add
depth to our theoretical foundations. Naturalistic effectiveness
studies that attempt to reduce confounding trial effects and
examine intervention implementation would help us to ground
our knowledge in ecologically valid data and thus improve the
practical application of digital readiness interventions. In
addition, few studies in this review reported on how the
interventions in question were developed or the design strategies
used; this is important information for advancing the field and
building best practices for future development. Finally, to further
understand the different types of readiness interventions being
used, future reviews could use more specific search terms (eg,
help seeking, screening, and wait-list) to explore these areas in
more detail. They could also include quality assessments in
their charting process; however, the methodological issues
discussed earlier would need to be further unraveled to enable
a useful discussion of quality.

Conclusions
Digital interventions to enhance readiness for psychological
therapy are broad and varied. The interventions in question
range from brief, simple videos and advertisements to supported
web-based programs. They are used to help clients across
multiple stages of change, from those in precontemplation who
have not yet sought help to those already preparing to take
action. Although these easily accessible digital approaches show
potential as a means of preparing people for therapy and thus
reducing the mental health treatment gap, they are not without
risks. The complex nature of stigma, motivation, and individual
emotional responses toward engaging in treatment for mental
health difficulties suggests that a careful approach is needed
when developing and measuring readiness interventions. The
results of this review indicate that the implementation and uptake
of these interventions are important elements to consider in
design, delivery, and measurement and that further qualitative
and longitudinal research is needed to deepen our knowledge
of the process of change in relation to readiness for therapy.
Overall, this review highlights the fact that the field of digital
readiness interventions is an emerging one, and more research
is needed in this area.
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Abstract
Background: Acceptance and commitment therapy (ACT) is based on a psychological flexibility model that encompasses 6
processes: acceptance, cognitive defusion, self-as-context, being present, values, and committed action.
Objective: This systematic review and meta-analysis of randomized controlled trials (RCTs) aimed to examine the effects of
internet-based ACT (iACT) on process measures.
Methods: A comprehensive search was conducted using 4 databases. The quality of the included RCTs was assessed using the
Cochrane Collaboration Risk of Bias Tool. A random-effects or fixed-effects model was used. Subgroup analyses for each outcome
were conducted according to the type of control group, use of therapist guidance, delivery modes, and use of targeted participants,
when applicable.
Results: A total of 34 RCTs met the inclusion criteria. This meta-analysis found that iACT had a medium effect on psychological
flexibility and small effects on mindfulness, valued living, and cognitive defusion at the immediate posttest. In addition, iACT
had a small effect on psychological flexibility at follow-up. The overall risk of bias across studies was unclear.
Conclusions: Relatively few studies have compared the effects of iACT with active control groups and measured the effects
on mindfulness, valued living, and cognitive defusion. These findings support the processes of change in iACT, which mental
health practitioners can use to support the use of iACT.
(J Med Internet Res 2022;24(8):e39182) doi:10.2196/39182
KEYWORDS
acceptance and commitment therapy; process measure; internet-based intervention; digital mental health; meta-analysis; mindfulness;
systematic review

Introduction
Background
Acceptance and commitment therapy (ACT), which is a type
of mindfulness-based intervention, is an empirically supported
transdiagnostic approach [1,2]. Mindfulness is defined as
“awareness that arises through paying attention, on purpose, in
the present moment, and nonjudgmentally” [3]. ACT aims to
https://www.jmir.org/2022/8/e39182

XSL• FO
RenderX

develop greater psychological flexibility, that is, the ability to
face challenging experiences in an open, conscious manner and
change one’s behaviors to participate in valued activities rather
than avoiding or suppressing uncomfortable or painful
experiences, emotions, and thoughts [1,2]. ACT is based on a
psychological flexibility model involving 6 processes [2]. These
six processes include (1) acceptance (ie, being open to unwanted
thoughts and emotions as they are), (2) cognitive defusion (ie,
stepping back from unhelpful thoughts and emotions to reduce
J Med Internet Res 2022 | vol. 24 | iss. 8 | e39182 | p.367
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
their dominance over behaviors), (3) being present (ie,
maintaining voluntary and flexible contact with the present
moment), (4) observing self (ie, flexible self-conceptualization
and perspective taking), (5) values (ie, identifying and
connecting values to behaviors for a meaningful life), and (6)
committed action (ie, establishing patterns of behaviors to live
a meaningful life aligned with values) [2]. The first 2 processes
(1 and 2) are conceptualized as acceptance and mindfulness
processes, and the last 2 processes (5 and 6) are conceptualized
as commitment and behavior change processes; the remaining
2 processes (3 and 4) are conceptualized to be shared by the
acceptance and mindfulness processes and commitment and
behavior change processes [4].
Studies have used ACT process measures to assess the effects
of ACT on these process measures and to understand the
processes of change [5,6]. Measuring psychological flexibility
and its interrelated processes (eg, cognitive defusion,
mindfulness, and valued living) has been emphasized to better
understand why ACT works and how it directly affects these
process measures [7]. Improvement of psychological flexibility
and its interrelated processes is theorized to foster improvements
in mental health outcomes, and this theory is supported by
empirical studies to some extent [8]. For example, studies have
found a significant predictive role of psychological flexibility
in predicting mental health outcomes; negative associations of
psychological flexibility with depressive symptoms, anxiety,
and overall psychological distress; and positive associations of
psychological flexibility with quality of life, emotional
well-being, and resilience [9,10]. Studies have also shown
negative relationships between cognitive defusion and
psychological distress and a significant predictive role of
cognitive fusion (ie, the opposite of cognitive defusion) for
depressive symptoms, anxiety, distress, and lowered quality of
life [11-14]. In addition, the literature suggests that personal
values and mindfulness have a significant effect on
psychological distress and quality of life [15,16].
Although a growing body of evidence shows that ACT can
improve health and well-being outcomes in various populations
[17,18], the synthesized evidence of ACT on process measures
is lacking. For example, previous meta-analysis studies did not
consider ACT process measures except for psychological
flexibility, possibly because of the limited number of published
studies and because previous meta-analysis studies often limited
their review questions to specific populations [19].
Internet-based psychological interventions are easy to access
and inexpensive; therefore, it is important to determine whether
internet-based ACT (iACT) is an effective alternative option
[20]. In particular, Brown et al [21] conducted a meta-analysis
to measure the effects of iACT on outcomes related to mental
health and well-being in any population, but none of the ACT
process measures were addressed, possibly because of the
limited number of included studies for meta-analyses of these
outcomes at that time. In addition, Thompson et al [22]
conducted a similar meta-analysis that involved only
meta-analysis for psychological flexibility, with no
meta-analyses for any other process measures.
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Objectives
This systematic review and meta-analysis aimed to assess the
effects of iACT on different process measures (eg, psychological
flexibility, valued living, mindfulness, and cognitive defusion)
in any population. In addition, this meta-analysis aimed to
conduct subgroup analyses for each outcome according to the
type of control group to determine whether the effects of iACT
differed when compared with active control groups provided
with other comparable interventions and passive control groups
provided with no intervention. In addition, other subgroup
analyses related to the characteristics of the included studies
may be possible and may provide useful information. For
example, studies have found that iACT with therapist guidance
showed larger effects on psychological flexibility compared
with iACT without therapist guidance, and populations with
psychological distress symptoms showed larger effects on
mental health outcomes compared with nonclinical populations
[22]. As studies have also found negative associations of
psychological flexibility and cognitive defusion with
psychological distress as well as a significant effect of personal
values and mindfulness on psychological distress, studies that
directly targeted people with psychological distress symptoms
might show greater effects on ACT process measures
[10-12,14-16]. Outcomes may differ based on how iACT was
delivered (eg, web-based ACT modules, iACT accompanied
by in-person ACT sessions, and videoconferencing ACT).
Therefore, this study aimed to conduct additional subgroup
analyses according to the use of therapist guidance, delivery
modes, and the use of targeted participants with psychological
distress symptoms, when applicable.

Methods
The PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines [23] and the Cochrane
Handbook for Systematic Reviews of Interventions (version
5.1.0) [24] were used as guides for conducting and reporting
this systematic review and meta-analysis. This study was not
preregistered.

Inclusion and Exclusion Criteria
Studies were selected based on the following inclusion criteria:
(1) the study must be a randomized controlled trial (RCT), (2)
ACT must be delivered mainly on the web (ie, iACT), (3) the
study must have pre-post test results in ACT process measures
(eg, psychological flexibility, mindfulness, valued living, and
cognitive defusion), (4) the study must compare iACT with a
non-ACT condition or with a control condition, and (5) the
study must be written in English. Studies were excluded if they
compared ACT groups only with different delivery modes
without any other comparison or control condition (eg, ACT
delivered on the web vs ACT delivered in person).

Search Strategy
Relevant articles were identified by searching 4 electronic
databases from the date of inception of each database to June
5, 2021. The databases were PubMed (1966-2021), CINAHL
(1981-2021), PsycINFO (1935-2021), and Scopus (1966-2021).
Key search terms were combined to identify the relevant
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literature using keywords for iACT. To broaden the database
search, keywords relevant to the outcomes were not entered as
search terms. The full search strategies for all databases can be
found in Multimedia Appendix 1. Articles were also searched
manually using the reference lists of the identified articles and
related article features in the databases.

Data Extraction and Quality Assessment
The characteristics of the included RCTs, such as the country
of origin, characteristics of participants, description of
intervention and control groups, outcome measures, and results
(ie, between-group differences with P values), were extracted
into a table. The mean and SDs at each data collection time
point and sample sizes of the intervention and control groups
in the included studies were entered into a Microsoft Excel file.
The methodological quality of the included RCTs was assessed
using the Cochrane Collaboration Risk of Bias Tool [24]. The
domains in the tool include random sequence generation,
allocation concealment, blinding of participants and personnel,
blinding of outcome assessment, incomplete outcome data, and
selective reporting. Risk of bias in each of the domains was
judged as low risk of bias, high risk of bias, or unclear risk of
bias following the criteria provided in the Cochrane
Collaboration’s handbook [24]. Summary assessments of the
risk of bias within a study and across studies were also
determined based on the handbook’s criteria [24]. One author
with extensive experience in conducting systematic reviews
and expertise in ACT completed the process for data extraction
and quality assessment.

Meta-analysis
Means, SDs, and sample sizes of intervention and control groups
in the included studies were entered into RevMan (version 5.4;
Cochrane Collaboration) for meta-analyses and pooled for each
outcome at the immediate posttest and at follow-up. The I2
statistic was used to indicate statistical heterogeneity across
studies, and I2>60% might indicate substantial heterogeneity
[24]. The decision to use either a random-effects model or a
fixed-effects model with the inverse variance method was
determined using I2 statistic values for each outcome. In other
words, a random-effects model was used when the I2 statistic
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for each variable was >60%; otherwise, a fixed-effects model
was used. The standardized mean difference (SMD) with 95%
CIs was used as a summary statistic for the size of the
intervention effect to account for outcomes measured using
different assessment tools [24]. SMDs<0.4 indicate a small
effect, SMDs between 0.4 and 0.7 indicate a medium effect,
and SMDs>0.7 indicate a large effect [24]. The mean difference,
rather than SMD, was used when the studies used the same
assessment tool [24]. Subgroup analyses for each outcome were
performed according to the type of control group, if applicable,
to see whether the effects of iACT differed compared with active
control groups provided with other comparable interventions
and compared with passive control groups provided with no
intervention (ie, treatment as usual control groups and wait-list
control groups). Additional subgroup analyses for each outcome
were conducted according to the use of therapist guidance,
delivery modes, and the use of targeted participants with
psychological distress symptoms, when applicable. Funnel plot
analysis was used to test for possible publication bias (ie, studies
with positive findings are more likely to be published) [24]. A
possible publication bias was suggested if the inverted funnel
shape was asymmetrical [24].

Results
Selection of Studies
Figure 1 illustrates the study selection process. A total of 988
articles were identified through database searching, and 5
additional articles were identified through hand searching. After
removing 490 duplicates, 503 articles were screened based on
their titles and abstracts. A total of 412 articles were excluded
based on title and abstract screening, and 91 articles were
assessed for eligibility by reading the full text. A total of 57
articles were excluded after reading the full text because of the
following reasons: not involving any ACT process measures
(18 studies), not involving iACT (16 studies), comparing iACT
interventions delivered differently without a control condition
(8 studies), involving secondary data analysis (6 studies), not
an RCT (5 studies), and involving only 1 ACT component for
the intervention (4 studies). A total of 34 articles met the
eligibility criteria [8,25-57].

J Med Internet Res 2022 | vol. 24 | iss. 8 | e39182 | p.369
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Han & Kim

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of the study selection process. ACT: acceptance
and commitment therapy; iACT: internet-based acceptance and commitment therapy.

Characteristics of the Included Studies
The main characteristics of the included RCTs are summarized
in Multimedia Appendix 2. The average number of ACT
modules (sessions) in the included studies was 6.4 (SD 2.5),
ranging from 2 to 12 modules in total. The average duration of
ACT modules (sessions) delivered in the included studies was
7.9 (SD 3.2) weeks, ranging from 2 to 15 weeks in total. ACT
was delivered on the web with therapist guidance in 26 studies
(eg, via videoconferencing, phone calls, written feedback, and
a mobile app) and without therapist guidance in 8 studies
[25-32]. A total of 7 studies used a blended ACT program,
which involved both iACT and in-person sessions [33-40]. A
total of 3 studies involved videoconferencing ACT [41,42]. The
remaining 24 RCTs used web-based ACT modules. Out of a
total of 34 studies, 11 (32%) involved active control groups,
including web-based cognitive behavioral therapy (CBT) [25],
web-based smoking cessation interventions [26,27], web-based
discussion forums [44,45,57], web-based mental health
education [30], in-person behavioral support [35], web-based
expressive writing [48,55], and in-person documentary
discussion [38]. The population of the included studies varied
widely, including college students [8,29-32,36,47,54], adults
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with chronic pain [37,39,52,55-57], family caregivers of people
with chronic conditions [42,49,50,53], adults with insomnia
[28,33,41], and smokers [26,27,35] (refer to Multimedia
Appendix 2 for these different participant characteristics in the
included studies). A total of 14 studies directly targeted people
with certain types of psychological distress, such as depressive
symptoms, anxiety, stress, and overall psychological distress
[8,27,33,36-39,42,44-49].
The average sample size of participants in the included RCTs
was 141 (SD 196), ranging from 24 to 1162. The mean age of
the participants was 37.8 (SD 13.2) years, ranging from 13.9 to
55.9 years, and the average percentage of female participants
was 68.1% (SD 19.7%), ranging from 0% to 98.5%. The
included RCTs were conducted in the United States (10 studies),
Finland (5 studies), Sweden (4 studies), the Netherlands (4
studies), the United Kingdom (2 studies), Australia (2 studies),
Ireland (2 studies), Canada (1 study), Belgium (1 study), France
(1 study), Denmark (1 study), and Germany (1 study). Of the
34 included studies, 26 (76%) were published between 2016
and 2021 and the remaining 8 (24%) were published between
2012 and 2015.
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The following sections describe the results of the meta-analysis
of the efficacy of iACT for psychological flexibility,
mindfulness, valued living, and cognitive defusion at the
immediate posttest and at follow-up, with findings of subgroup
analyses listed according to the type of control group (ie,
subgroup 1: iACT vs active control groups and subgroup 2:
iACT vs passive control groups), when applicable.

Effects of iACT on Improving Psychological Flexibility
at the Immediate Posttest
A meta-analysis of 30 RCTs (n=3743 participants) found that
iACT had a medium effect on improving psychological
flexibility at the immediate posttest compared with control
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groups overall (SMD=0.43, 95% CI 0.30-0.55; Figure 2). There
was no significant subgroup difference at the immediate posttest
(χ21=1.26; P=.26), indicating that the effects of the 2 subgroups
(ie, subgroup 1: iACT vs active control groups and subgroup
2: iACT vs passive control groups) at the immediate posttest
were not statistically different from one another. The iACT had
a medium effect on psychological flexibility compared with
active control groups at the immediate posttest (7 studies that
involved 841 participants; SMD=0.60, 95% CI 0.25-0.95),
whereas iACT had a small effect compared with passive control
groups (23 studies that involved 2902 participants; SMD=0.38,
95% CI 0.25-0.51).
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Figure 2. Forest plots showing the effects of internet-based acceptance and commitment therapy on psychological flexibility at the immediate posttest
and at follow-up. iACT: internet-based acceptance and commitment therapy.

Effects of iACT on Improving Psychological Flexibility
at Follow-up
A meta-analysis of 12 RCTs with follow-up data (n=1366
participants) revealed that iACT had a small effect on improving
psychological flexibility at follow-up compared with control
groups overall (SMD=0.35, 95% CI 0.16-0.54; Figure 2). There
was no significant subgroup difference at follow-up (χ21=0.91;
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P=.34), indicating that the effects of the 2 subgroups (ie,
subgroup 1: iACT vs active control groups and subgroup 2:
iACT vs passive control groups) at follow-up were not
statistically different from one another. The iACT had a medium
effect on improving psychological flexibility compared with
passive control groups at follow-up (9 studies that involved 822
participants; SMD=0.41, 95% CI 0.19-0.62), but iACT was not
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significantly different from active control groups (3 studies that
involved 544 participants; SMD=0.21, 95% CI −0.13 to 0.55).

Effects of iACT on Improving Mindfulness at the
Immediate Posttest
A meta-analysis of 13 RCTs (n=2373 participants) showed that
iACT had a small effect on improving mindfulness at the
immediate posttest compared with control groups overall
(SMD=0.23, 95% CI 0.15-0.31; Figure 3). There was a
significant subgroup difference at the immediate posttest
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(χ21=2.96; P=.05), indicating that the effects of the 2 subgroups
(ie, subgroup 1: iACT vs active control groups and subgroup
2: iACT vs passive control groups) at the immediate posttest
were statistically different from one another. The iACT had a
small effect on improving mindfulness compared with passive
control groups at the immediate posttest (10 studies that involved
1829 participants; SMD=0.27, 95% CI 0.18-0.36), but iACT
was not significantly different from active control groups (3
studies that involved 544 participants; SMD=0.08, 95% CI
−0.09 to 0.25).
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Figure 3. Forest plots showing the effects of internet-based acceptance and commitment therapy on mindfulness at the immediate posttest and at
follow-up. iACT: internet-based acceptance and commitment therapy.

Effects of iACT on Improving Mindfulness at
Follow-up
A meta-analysis of 6 RCTs with follow-up data (n=835
participants) found that iACT was not significantly different
overall from control groups in improving mindfulness at
follow-up (SMD=0.17, 95% CI −0.09 to 0.44; Figure 3). There
was no significant subgroup difference at follow-up (χ21=0.73;
P=.39), indicating that the effects of the 2 subgroups (ie,
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subgroup 1: iACT vs active control groups and subgroup 2:
iACT vs passive control groups) at follow-up were not
statistically different from one another. No significant
between-group difference in improving mindfulness was found
at follow-up, regardless of control group conditions, including
3 studies (n=544 participants) that compared iACT with active
control groups (SMD=0.05, 95% CI −0.15 to 0.26) and 3 studies
(n=291) that compared iACT with passive control conditions
(SMD=0.35, 95% CI −0.29 to 0.99).
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Effects of iACT on Improving Valued Living at the
Immediate Posttest
A meta-analysis of 9 RCTs (n=2079 participants) revealed that
iACT had a small effect on improving valued living at the
immediate posttest compared with control groups overall
(SMD=0.28, 95% CI 0.19-0.36; Figure 4). There was a
statistically significant subgroup difference at the immediate
posttest (χ21=14.88; P<.001), indicating that the effects of the

Han & Kim
2 subgroups (ie, subgroup 1: iACT vs active control groups and
subgroup 2: iACT vs passive control groups) at the immediate
posttest were statistically different from one another. The iACT
had a small effect on improving valued living compared with
passive control groups at the immediate posttest (7 studies that
involved 1684 participants; SMD=0.36, 95% CI 0.26-0.46), but
iACT was not significantly different from active control groups
(2 studies that involved 395 participants; SMD=−0.07, 95% CI
−0.27 to 0.12).

Figure 4. Forest plots showing the effects of internet-based acceptance and commitment therapy on valued living at the immediate posttest and at
follow-up. iACT: internet-based acceptance and commitment therapy.
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Effects of iACT on Improving Valued Living at
Follow-up

participants) that compared iACT with passive control
conditions (SMD=0.12, 95% CI −0.19 to 0.44).

A meta-analysis of 7 RCTs with follow-up data (n=841
participants) showed that iACT did not differ from control
groups in improving valued living at follow-up (SMD=0.08,
95% CI −0.14 to 0.30; Figure 4). There was no statistically
significant subgroup difference at follow-up (χ21=0.49; P=.48),
indicating that the effects of the 2 subgroups (ie, subgroup 1:
iACT vs active control groups and subgroup 2: iACT vs passive
control groups) at follow-up were not statistically different from
one another. No significant between-group difference in
improving valued living was found at follow-up, regardless of
control group conditions, including 2 studies (n=395
participants) that compared iACT with active control groups
(SMD=−0.02, 95% CI −0.25 to 0.22) and 5 studies (n=446

Effects of iACT on Improving Cognitive Defusion at
the Immediate Posttest
All studies that measured cognitive defusion compared iACT
with passive control groups only; therefore, a subgroup analysis
was not conducted. A meta-analysis of 6 RCTs (n=1541
participants) found that iACT had a small effect on improving
cognitive defusion at the immediate posttest compared with
passive control groups (SMD=0.27, 95% CI 0.17-0.37; Figure
5). A meta-analysis of 3 RCTs with follow-up data (n=225
participants) revealed that iACT was not different from passive
control groups in improving cognitive defusion at follow-up
(SMD=1.78, 95% CI −8.36 to 11.91; Figure 5).

Figure 5. Forest plots showing the effects of internet-based acceptance and commitment therapy on cognitive defusion at the immediate posttest and
at follow-up. iACT: internet-based acceptance and commitment therapy.

Subgroup Analyses According to the Use of Therapist
Guidance
Subgroup analyses showed medium effects of iACT with
therapist guidance on psychological flexibility at the immediate
posttest (25 studies that involved 2085 participants; SMD=0.50,
95% CI 0.34-0.65) and at follow-up (10 studies that involved
1056 participants; SMD=0.40, 95% CI 0.21-0.58) and small
effects of iACT with therapist guidance on mindfulness (10
studies that involved 894 participants; SMD=0.20, 95% CI
0.07-0.34) and valued living (7 studies that involved 686
participants; SMD=0.26, 95% CI 0.04-0.48) at the immediate
posttest compared with control groups. The iACT with therapist
guidance was not significantly different from the control groups
in valued living at follow-up (5 studies that involved 531
participants, SMD=0.14, 95% CI −0.15 to 0.43). Conversely,
subgroup analyses revealed small effects of iACT without
therapist guidance on psychological flexibility (6 studies that
involved 1700 participants, SMD=0.18, 95% CI 0.03-0.32) and
mindfulness (3 studies that involved 1479 participants,
SMD=0.24, 95% CI 0.14-0.34) at the immediate posttest only.
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The iACT without therapist guidance was not significantly
different from control groups in psychological flexibility at
follow-up (2 studies that involved 310 participants; SMD=0.17,
95% CI −0.38 to 0.71) and valued living at the immediate
posttest (3 studies that involved 1472 participants; SMD=0.20,
95% CI −0.10 to 0.49) and follow-up (2 studies that involved
310 participants; SMD=−0.08, 95% CI −0.30 to 0.14). In
particular, the pooled effect size of studies that involved iACT
with therapist guidance was greater than that of studies that
involved iACT without therapist guidance in psychological
flexibility at the immediate posttest. In addition, although there
was a statistically significant pooled effect of iACT with
therapist guidance on valued living at the immediate posttest,
iACT without therapist guidance was not significantly different
from the control groups. There was no statistically significant
subgroup difference in any of the outcomes (P>.05), except for
psychological flexibility at the immediate posttest (P=.003).
These findings indicate that there was no statistically significant
difference among studies according to the use of therapist
guidance in all outcomes, except for psychological flexibility
at the immediate posttest, in which a statistically significant
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larger effect of iACT was found when iACT studies involved
therapist guidance (ie, SMD=0.50 vs SMD=0.18). Forest plots
of these subgroup analyses are illustrated in Multimedia
Appendices 3-7.

Subgroup Analyses According to the Delivery Modes
Subgroup analyses showed small effects of web-based ACT on
psychological flexibility (22 studies that involved 3257
participants; SMD=0.38, 95% CI 0.26-0.49) and mindfulness
at the immediate posttest (10 studies that involved 2197
participants; SMD=0.20, 95% CI 0.11-0.28) compared with
control groups. Subgroup analyses revealed medium effects of
iACT accompanied by in-person ACT sessions on psychological
flexibility (6 studies that involved 394 participants; SMD=0.61,
95% CI 0.02-1.20) and mindfulness (1 study that involved 68
participants; SMD=0.55, 95% CI 0.07-1.04) at the immediate
posttest compared with control groups. Although
videoconferencing ACT was not significantly different from
control groups in psychological flexibility at the immediate
posttest (3 studies that involved 134 participants; SMD=0.43,
95% CI −0.25 to 1.11), subgroup analyses found medium effects
of videoconferencing ACT on mindfulness at the immediate
posttest compared with control groups (2 studies that involved
108 participants; SMD=0.64, 95% CI 0.24-1.03). There was no
statistically significant subgroup difference in psychological
flexibility at the immediate posttest (P>.05), indicating that
there was no statistically significant difference among studies
according to delivery modes. However, there was a statistically
significant subgroup difference in mindfulness at the immediate
posttest (P=.04), suggesting a statistically significant difference
among studies according to their delivery modes, in which
medium effects of iACT with in-person sessions and
videoconferencing ACT were found, whereas web-based ACT
showed small effects. Subgroup analyses according to the
delivery modes were not conducted for the other outcomes
because of the lack of studies on any other outcomes. Forest
plots of these subgroup analyses are illustrated in Multimedia
Appendices 8 and 9.

Subgroup Analyses According to the Targeted
Participants With Psychological Distress Symptoms
Subgroup analyses found a medium effect of iACT on
psychological flexibility at the immediate posttest (13 studies
that involved 919 participants; SMD=0.55, 95% CI 0.31-0.79)
and small effects of iACT on psychological flexibility at
follow-up (5 studies that involved 414 participants; SMD=0.29,
95% CI 0.09-0.49) and on mindfulness (6 studies that involved
486 participants; SMD=0.38, 95% CI 0.20-0.56), valued living
(4 studies that involved 308 participants; SMD=0.35, 95% CI
0.02-0.69), and cognitive defusion (4 studies that involved 318
participants; SMD=0.24, 95% CI 0.02-0.46) at the immediate
posttest compared with control groups when studies directly
targeted participants with some type of psychological distress.
Subgroup analyses, however, showed small effects of iACT on
psychological flexibility at the immediate posttest (18 studies
that involved 2866 participants; SMD=0.33, 95% CI 0.19-0.48)
and at follow-up (7 studies that involved 952 participants;
SMD=0.38, 95% CI 0.10-0.67), mindfulness at the immediate
posttest (7 studies that involved 1887 participants; SMD=0.19,
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95% CI 0.10-0.28), and cognitive defusion at the immediate
posttest (2 studies that involved 1223 participants; SMD=0.28,
95% CI 0.16-0.39) compared with control groups in studies that
did not involve targeted participants with some type of
psychological distress. However, there was no statistically
significant difference in iACT among control groups in
mindfulness and valued living at follow-up when studies did or
did not directly target participants with some type of
psychological distress, or in valued living at the immediate
posttest when studies did not involve targeted participants with
some type of psychological distress. There were no statistically
significant subgroup differences in any of the outcomes (P>.05),
indicating that there was no statistically significant difference
among studies according to the use of targeted participants with
some type of psychological distress in all the outcomes. Forest
plots of these subgroup analyses are illustrated in Multimedia
Appendices 10-16.

Risk of Bias and Publications Bias of the Included
Studies
Out of the 34 included studies, 18 (53%) had an unclear risk of
bias, 10 (29%) had a low risk of bias, and 6 (18%) had a high
overall risk of bias (Multimedia Appendix 17). A domain
regarding blinding of participants and personnel was not
regarded as the key domain for the overall risk of bias within a
study because studies that involved passive control conditions
were less able to conceal the group allocation from participants.
The overall risk of bias across the 34 studies was interpreted as
unclear because most information was from studies with an
unclear risk of bias [24]. The risk of bias in each domain for
each study is reported in Multimedia Appendix 17, and the risk
of bias summary graph and chart are reported in Multimedia
Appendix 18 [8,25-57] and Multimedia Appendix 19.
As at least 10 studies have suggested using the funnel plot
asymmetry analysis, possible publication bias was tested for
psychological flexibility and mindfulness at posttest only [24].
Overall, the funnel plots tend to be symmetrical, although more
studies are needed to better interpret such visual inspection,
especially for mindfulness. Funnel plots are reported in
Multimedia Appendix 20.

Discussion
This systematic review and meta-analysis identified 34 RCTs
that assessed the efficacy of iACT for process measures (ie,
psychological flexibility, mindfulness, valued living, and
cognitive defusion). This meta-analysis found that iACT had a
medium effect on improving psychological flexibility and small
effects on improving mindfulness, valued living, and cognitive
defusion at the immediate posttest. A small effect of iACT on
psychological flexibility was also observed at follow-up.
Previous meta-analysis studies that involved ACT (ie, not iACT
in particular) found similar findings to this meta-analysis study
that included a medium effect of ACT on psychological
flexibility in family caregivers [6] and a small effect of self-help
ACT on psychological flexibility in adult populations [58]. A
total of 26 studies that assessed the effects of iACT on process
measures were conducted from 2016 to the end date of the
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search for this meta-analysis (June 5, 2021), whereas only 8
studies were published before 2016. This may explain why a
previous meta-analysis study of iACT in particular did not
include process measures [21]. Thompson et al [22] conducted
a meta-analysis for psychological flexibility only among process
measures and found small effects of iACT on psychological
flexibility at the immediate posttest and at follow-up. These
findings by Thompson et al [22] were based on 23 studies at
immediate posttest and 11 studies at follow-up. This
meta-analysis found a medium effect at the immediate posttest
(based on 30 studies) and a small effect at follow-up (based on
12 studies). The larger effect size of iACT on psychological
flexibility at the immediate posttest found in this study may be
because of the inclusion of 7 more studies than the meta-analysis
by Thompson et al [22]. Unlike previous meta-analysis studies
for iACT [21,22], this meta-analysis study conducted
meta-analyses in other process measures, such as mindfulness,
valued living, and cognitive defusion, and found small effects
on these measures at the immediate posttest. Thus, the findings
of this meta-analysis contribute to the body of evidence on the
efficacy of iACT for different process measures, which could
be applicable to both clinical and nonclinical populations, as
ACT is a transdiagnostic approach [1].
Subgroup analyses for each outcome were conducted in this
meta-analysis study according to the type of control group,
unlike previous iACT meta-analysis studies [21,22]. Subgroup
analyses showed small effects of iACT on psychological
flexibility, mindfulness, valued living, and cognitive defusion
at the immediate posttest compared with passive control groups.
In contrast, subgroup analyses that compared iACT with active
control groups found no significant between-group differences
in mindfulness and valued living at the immediate posttest and
follow-up and in psychological flexibility at follow-up. Such
findings indicate that iACT was not significantly more effective
than active control conditions (eg, CBT and mental health
education). However, relatively few studies have compared the
effects of iACT with active control conditions. There were 3
times more studies that compared iACT with passive control
conditions than those that compared iACT with active control
conditions in all the process measures, except for mindfulness
at follow-up. Such a gap in the literature suggests a need for
studies that compare iACT with active control conditions, such
as CBT, psychoeducational interventions, and support groups,
to better understand whether iACT is comparable or superior
to other evidence-based treatments in improving process
measures such as mindfulness and cognitive defusion.
This study conducted subgroup analyses according to the use
of therapist guidance, delivery modes, and targeted participants
with symptoms of psychological distress. This study found no
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statistically significant subgroup difference among studies of
these 3 characteristics in all the outcomes, except for the
subgroup difference among studies according to the use of
therapist guidance for psychological flexibility at the immediate
posttest (ie, a larger effect of iACT when iACT was provided
with therapist guidance compared with iACT without therapist
guidance) and for the subgroup difference among studies
according to the delivery modes for mindfulness at the
immediate posttest (ie, a larger effect of iACT when iACT was
delivered with in-person sessions or videoconferencing ACT
compared with web-based ACT modules). Thompson et al [22]
also found larger effects of iACT with therapist guidance on
psychological flexibility compared with iACT without therapist
guidance. However, more studies are needed to confirm these
findings, especially in subgroup analyses according to delivery
modes, because only a few studies have involved delivery modes
other than web-based ACT modules.
This review had several limitations that should be considered
when interpreting the findings. A total of 4 electronic databases
were used to search the literature, and some relevant articles
could have been missed if they were published only in other
databases. Only studies written in English were searched and
included in this review, which could create a publication bias.
One author with extensive experience in comprehensive
literature reviews and expertise in ACT searched the literature;
therefore, this review did not include 2 independent reviewers
in the search process. A recent systematic review found that
single screening for study selection in systematic reviews
conducted by experienced reviewers had no impact on the
findings of the meta-analysis [59]. The overall risk of bias across
the included RCTs was interpreted as unclear, indicating the
need for high-quality studies to better determine the effects of
iACT on process measures.
According to this meta-analysis study, there were 2 to 5 times
more studies that assessed psychological flexibility than studies
that assessed mindfulness, valued living, and cognitive defusion.
Investigators of further studies should consider assessing diverse
ACT process measures to better understand the processes of
change. In addition, relatively few studies have been conducted
to compare the effects of iACT with active control groups.
Future high-quality studies that compare iACT with active
control conditions are needed to better understand whether iACT
is comparable or superior to other evidence-based treatments
in process measures. The findings of this review contribute to
the literature by showing the direct effects of iACT on ACT
processes, which are theorized to foster improvements in mental
health outcomes. These synthesized findings support the
processes of change in iACT, which mental health practitioners
can use to support the use of iACT.
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Abstract
Background: Publishing identifiable patient data in scientific journals may jeopardize patient privacy and confidentiality if
best ethical practices are not followed. Current journal practices show considerable diversity in the publication of identifiable
patient photographs, and different stakeholders may have different opinions of and practices in publishing patient photographs.
Objective: This scoping review aimed to identify existing evidence and map knowledge gaps in medical research on the policies
and practices of publishing identifiable photographs in scientific articles.
Methods: We performed a comprehensive search of the Cochrane Central Register of Controlled Trials, Cochrane Database of
Systematic Reviews, CINAHL with Full Text, Database of Abstracts of Reviews of Effects, Ovid MEDLINE, and Scopus. The
Open Science Framework, PROSPERO, BASE, Google Scholar, OpenGrey, ClinicalTrials.gov, the Campbell Collaboration
Library, and Science.gov were also searched.
Results: After screening the initial 15,949 titles and abstracts, 98 (0.61%) publications were assessed for eligibility at the full-text
level, and 30 (0.19%) publications were included in this review. The studies were published between 1994 and 2020; most had
a cross-sectional design and were published in journals covering different medical disciplines. We identified 3 main topics. The
first included ethical aspects of the use of facial photographs in publications. In different clinical settings, the consent process
was not conducted properly, and health professionals did not recognize the importance of obtaining written patient consent for
taking and using patient medical photographs. They often considered verbal consent sufficient or even used the photographs
without consent. The second topic included studies that investigated the practices and use of medical photography in publishing.
Both patients and doctors asked for confidential storage and maintenance of medical photographs. Patients preferred to be
photographed by their physicians using an institutional camera and preferred nonidentifiable medical photographs not only for
publication but also in general. Conventional methods of deidentification of facial photographs concealing the eye area were
recognized as unsuccessful in protecting patient privacy. The third topic emerged from studies investigating medical photography
in journal articles. These studies showed great diversity in publishing practices regarding consent for publication of medical
photographs. Journal policies regarding the consent process and consent forms were insufficient, and existing ethical professional
guidelines were not fully implemented in actual practices. Patients’ photographs from open-access medical journals were found
on public web-based platforms.

https://www.jmir.org/2022/8/e37594

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37594 | p.385
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Roguljić et al

Conclusions: This scoping review showed a diversity of practices in publishing identifiable patient photographs and an
unsatisfactory level of knowledge of this issue among different stakeholders despite existing standards. Emerging issues include
the availability of patients’ photographs from open-access journals or preprints in the digital environment. There is a need to
improve standards and processes to obtain proper consent to fully protect the privacy of patients in published articles.
(J Med Internet Res 2022;24(8):e37594) doi:10.2196/37594
KEYWORDS
identifiable patient photographs; medical photography; data protection; patient privacy; confidentiality; informed consent; ethical
publishing; scientific journals; open access; scoping review; mobile phone

Introduction
Background
Scientific publications are considered to be the most important
formal elements of scholarly communication, translating new
evidence in practice and increasing relevant stakeholders’
knowledge. Publishing identifiable patient photographs in
journals, such as photographs of the face, is a challenging ethical
issue, not only because it requires consent but also because
many research participants as well as researchers are not aware
of what happens when identifying photographs of individual
persons are published. This is of particular importance in digital
publishing, especially when open publishing licenses such as
the Creative Commons license CC BY are used [1]. Many
medical journals that publish articles identifying patient
photographs are in open access and under open licenses [2],
which means that identifiable patient data are widely available
and can be easily abused [3].
It is not always clear how patient data are classified as
identifiable, nonidentifiable, or anonymized. The scoping review
by Chevrier et al [4] on the use and understanding of terms of
anonymization and deidentification in biomedical literature
showed that there is large variability in the use of these as well
as the need for clearer definitions and better education. Current
publication standards on the use of patient identifiable data
proposed by the International Committee of Medical Journal
Editors (ICMJE) recommend avoiding publication of identifiable
photographs or marks and the necessity of obtaining written
consent from the patient [5]. However, in some clinical
disciplines such as those involving the head and neck, it is
necessary to show the patients’ faces to illustrate study findings.
The most used methods of deidentification to protect patient
identity—covering the eye area in facial photographs—have
been recognized as insufficient and should not be published
without the patient’s written consent [6-8]. Consent for the
publication of an identifiable photograph should be obtained
after the patient is informed of all the potential consequences
of a publication even if the publication results from routine
health care and is written up as a case report [9-12]. Patients
should also be aware of the impossibility of withdrawing or
controlling any future use of photographs once they have been
published on the web [1,13]. This means that consent for the
publication of an identifying patient photograph is separate from
and additional to the general consent for research [2,8,14-16].
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Objectives
Despite these recommendations, there is diversity among
medical journals in their policies on patient consent for the
publication of identifying photographs and their implementation
in practice [2,17]. There are also varying opinions and practices
among different stakeholders—patients, professionals, journals,
and professional societies. To identify the existing evidence
and map knowledge gaps in research on the policies and
practices of publishing identifiable photographs in medicine,
we performed a scoping review of the published literature on
this topic. The research question of this scoping review was as
follows: what are the opinions, standards, and practices of
different stakeholders (patients, health professionals, policy
makers, journals, editors, and publishers) regarding consent for
publishing potentially identifiable medical photographs?

Methods
Methodological Approach
We used the methodology for scoping reviews from the Joanna
Briggs Institute [18]. The protocol of this scoping review was
registered at the Open Science Framework [19]. Study results
are presented following the PRISMA-ScR (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses extension for
Scoping Reviews) checklist (Multimedia Appendix 1) [20].

Study Selection (Eligibility Criteria)
We performed a sensitive search without language, time, or
geographical limitations to identify studies that investigated the
conditions of publication of patient facial photographs regardless
of whether they were identifiable or not; articles that addressed
only body parts other than the face were excluded. Publications
that reported the results of conducted studies were included in
the analysis. All other types of publications, such as editorials,
opinion letters, reviews, and book chapters, were excluded.

Information Sources and Search
Search strategies for bibliographical databases were designed
by an experienced librarian (AU; Multimedia Appendix 2). We
searched the Cochrane Central Register of Controlled Trials,
Cochrane Database of Systematic Reviews, CINAHL with Full
Text, Database of Abstracts of Reviews of Effects, Ovid
MEDLINE, and Scopus in September 2018 and updated the
search in December 2020. In January 2021, we also searched
registries and gray literature sources: ClinicalTrials.gov,
Campbell Collaboration Library, Open Science Framework,
PROSPERO, BASE, Google Scholar, OpenGrey, and
Science.gov. These sources were searched using variations of
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the terms “medical” and “photography.” The reference lists of
all studies included in the full-text assessment were also
searched.

Screening
The retrieved articles were exported to and deduplicated in
EndNote (Clarivate Analytics). Owing to the large number of
articles for screening using a sensitive strategy that retrieved
many nonrelevant articles, 2 authors (MR and TPP) screened
the titles and abstracts of separate sets of articles. Articles
identified in the screening were then jointly assessed by 2
authors (DŠ and MR), who discussed each article. Independent
assessment by the 2 authors was not performed, and agreement
indexes were not calculated as reporting in many articles was
not always clear and significant disagreement was expected.
The 2 assessors reached a joint conclusion on the inclusion of
an article during their discussion based on the article’s full text.

Data Charting Process
Two authors (MR and MV) created the charting form for the
variables to be extracted. The form was reviewed by another
author (AM) and tested by 2 authors (DŠ and MR), who
extracted the data for the first 10 articles and discussed the
coding for each variable. They confirmed the inclusion and
exclusion criteria and then each independently extracted the
data for half of the articles in the final sample. The data from 2
articles authored by some of the authors of this review were
collected by the author who did not participate in the study
(MV). AM checked the quality of data extraction.

Data Items

Roguljić et al
World Bank ranking of the country, publication type, journal
title, journal access status, study design, study population,
setting, sample size and response rate, age of the participants,
gender, aim of the study, methodology, key outcomes,
philosophical approach, key findings, limitations, future study
ideas, and recommendations.

Summarizing Data and Reporting Results
We summarized the data quantitatively for the description of
the included studies. In the qualitative analysis, we grouped the
results of the studies into main themes. According to the
PRISMA-ScR guidance, we did not formally assess the
methodological quality, including risk of bias, of the studies
from which data were extracted as the scoping review method
is not intended to be used to appraise the risk of bias of a
cumulative body of evidence [20].

Results
Selection of Sources of Evidence
The search of bibliographical database literature retrieved a
total of 21,432 published items, leaving 15,945 (74.4%) items
after deduplication. The search of registries and gray literature
yielded 4 additional items. After screening titles and abstracts,
of the 15,949 items, 98 (0.61%) references were screened at the
full-text level. We excluded 69% (68/98) of the studies as they
addressed uses of facial photographs other than for publication
in journals. This left 31% (30/98) of articles for analysis
[2,3,6-12,14-16,21-38]. The flow diagram of the literature
review is shown in Figure 1.

Data were collected for the following variables: authors, article
title, year of publication, source origin and country of origin,
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Figure 1. Flowchart of the literature review.

Characteristics of the Sources of Evidence
Of the 30 articles included in the analysis, 6 (20%) investigated
the publication of facial photographs in scientific journals as
the main topic [2,3,7,32,35,36]. Other studies (24/30, 80%) had
the publication of medical photography as one of the topics, so
only those results were included in this review.
The included studies were published between 1994 and 2020.
Almost half of the studies (13/30, 43%) were published in open
access [3,6,7,11,15,21-23,25,30,31,36]. The studies were
performed in countries from all continents, from both high– and
low–research-intensive countries. Of the 30 studies, 29 (97%)
were published in English, and 1 (3%) was published in French.
Most of the studies (5/30, 17%) were conducted internationally
in scientific journals, followed by studies from the United
Kingdom (5/30, 17%); the United States (4/30, 13%); Australia
(3/30, 10%); Brazil, Canada, France, and India (2/30, 7% each);
and China, Croatia, Ireland, Nigeria, and Saudi Arabia (1/30,
3% each). The studies were published in journals from different
disciplines: ethics (4/30, 13%), surgery (10/30, 33%), general
medicine and education (3/30, 10%), and clinical dermatology
(13/30, 43%). Most of the studies (26/30, 87%) had an
observational or cross-sectional design (Table 1), 3% (1/30)
were randomized controlled trials [6], 3% (1/30) used another
https://www.jmir.org/2022/8/e37594
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experimental design [28], and 7% (2/30) used qualitative
approaches [23,25]. Reported limitations were the small number
of participants [8,12,26,27,34], pilot studies [22], a single type
of health professional included [6,8,9,25,29], years of clinical
practice for specialists [9], poor response rate [26,27,33,34],
possibility of socially desirable answers [29,35], and a single
study setting [21,22,25,29]. The limitations of the studies
performed on data or journals were the small number of journals
[7,36], small number of analyzed journal issues [2], filters for
web-based image search, and the fluctuating number of available
web-based images from academic journals [3].
There were 25 studies involving different stakeholders (Table
1): patients (n=11, 44%), legal representatives (parents) of
minors (n=1, 4%), undergraduate and postgraduate students of
medicine and dental medicine (n=5, 20%), nurses and other
hospital health professionals (n=1, 4%), and medical doctors
and doctors of dental medicine (n=11, 44%; Table 1). Another
17% (5/30) of studies involved editorial policies or published
articles in journals (Table 1). The studies that involved human
participants were conducted in clinical settings (17/30, 57%),
at universities (3/30, 10%), and on the web (5/30, 17%). The
median number of study participants was 153 (range 12-945),
and the median response rate was 70% (range 17%-90%). All
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participants were adults, with a median age of 40 (range 27-57)
years. The median percentage of women involved in the studies
was 55% (range 33%-84%). The remaining 17% (5/30) of
studies analyzed data on journals and articles [2,3,7,32,36].
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The studies included in this review addressed three general
topics: (1) ethical aspects of the use of medical photography in
publications (Table 2), (2) practices and use of medical
photography in journals (Table 3), and (3) characteristics of
medical photographs in published articles (Table 4).
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Table 1. Description of the studies included in the scoping review (N=30).
Study, year

Country where
the study was
performed

Study design

Study population

Setting or data
sources

Jones [14],
1994

United Kingdom

Cross-sectional

Patients

Cheung et al
[22], 2005

United Kingdom

Cross-sectional

Windsor et al
[38], 2006

Australia

Taylor et al
[8], 2007
Clover et al
[6], 2010

Response rate

Age (years)

Teaching and univer- 35
sity hospitals or
large district general
hospitals (44 medical illustration departments)

79%

NRa

Patients

Emergency department

100

N/Ab

>18

Cross-sectional

Digital images
(photographs and
video clips)

Adult emergency
department in Australia

493

N/A

N/A

United Kingdom

Cross-sectional

All surgical staff

Plastic surgery units 42
in the hospital

70%

NR

Ireland

Randomized con- Medical students
trolled trial

Medical school

126

96%

NR

Lau et al [15], United Kingdom
2010

Cross-sectional

Patients

Department of plastic and reconstructive surgery

205

NR

>18

Engelstad et al United States
[28], 2011

Experimental
study

Dental students

School of Dentistry

12

NR

Median 27 (range
24-29)

Adeyemo et al Nigeria
[10], 2012

Cross-sectional

Patients

Oral, maxillofacial,
and plastic surgery
clinics

338

NR

Mean 32.5 (SD
12.2; range 16-79)

Shintani and
International
Williams [36],
2012

Cross-sectional

Journals

Medical journals in
oral surgery

3

N/A

N/A

Devakumar et
al [25], 2013

United Kingdom

Qualitative (focus Pediatricians
groups)

Teleconference via
Skype

13

NR

NR

Hacard et al
[29], 2013

France

Cross-sectional

Patients

Department of dermatology

272

NR

Adults: mean 57.5
(SD 17.6), children: median 1.5
(IQR 0.6-7.0), and
accompanying parents: mean 35.0
(SD 6.8)

Kunde et al
[31], 2013

Australia

Cross-sectional

Dermatology regis- N/A
trars and insurance
providers

13

65%

NR

De Runz et al
[24], 2014

France

Cross-sectional

Plastic surgeons
and patients

Department of max- 176 surillofacial, plastic,
geons and
and esthetic surgery 93 patients
in the hospital

Surgeons:
42% and patients: NR

NR

Leger et al
[12], 2014

United States

Cross-sectional

Patients

Hospital

398

NR

>18

Caires et al
[11], 2015

Brazil

Cross-sectional

Nurses, nursing
Teaching hospital
technicians, residents working at
inpatient units, and
physical therapists

360

Nurses: 31.4% >40
and residents:
43.9%; regarding the place
of work in the
hospital, 3%
worked in inpatient units

Cross-sectional

Postgraduate stu- Oral pathology dedents and teaching partments
staff

60

44%

Indu et al [30], India
2015
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Study, year

Country where
the study was
performed

Study design

Study population

Setting or data
sources

Rimoin et al
[34], 2016

United States

Cross-sectional

Surgeons

Roberts et al
[7], 2016

International

Cross-sectional

Journals

Abbott et al
[9], 2017

Australia

Cross-sectional

Dumestre and
Fraulin [26],
2017

Canada

Wang et al
[37], 2017

Sample
size

Response rate

Age (years)

Members of the
158
American College of
Mohs Surgery

17%

NR

Medical journals
that frequently publish facial photographs

13

N/A

N/A

Dermatologists and Australian College
dermatologic train- of Dermatologists
ers

101

96%

NR

Cross-sectional

Patients, plastic
Section of plastic
surgeons, and resi- surgery
dents

86 patients,
3 plastic
surgeons,
and 12 residents

57% of patients, 67% of
surgeons, and
92% of residents

NR

China

Cross-sectional

Patients

Dermatology clinic

474

89%

Mean 31.9 (SD
11.7)

Marshall et al
[3], 2018

International

Cross-sectional

Journals

Google Images and
open-access articles

94

N/A

N/A

Milam and
Leger [33],
2018

United States

Cross-sectional

Dermatologists

Board-certified dermatologists practicing in the United
States

107

69%

Mean 47.2 (SD
11.7)

Nair et al [16], India
2018

Cross-sectional

Patients

Ophthalmic plastic
surgery clinic

280

NR

Mean 40.2 (range
18-82)

Dumestre and
Fraulin [27],
2020

Canada

Cross-sectional

Plastic surgeons,
residents, and patients

Section of plastic
surgery

16 plastic
surgeons,
24 residents, and
84 patients
and parents

51% of surNR
geons and residents and 56%
of patients

Lessing et al
[32], 2019

International

Cross-sectional

Journals

Top 10 impact factor 10
general medical
journals

N/A

N/A

Abouzeid et al Saudi Arabia
[21], 2020

Cross-sectional

Dental students

School of Dentistry

86%

NR

Costa et al
[23], 2020

Brazil

Qualitative study Dentists
(semistructured
interviews)

NR

Mean 30.4

Roguljić et al
[35], 2020

Croatia

Cross-sectional

Patients, students Dental outpatient
of medicine and
clinics
dentistry, and doctors of medicine
and dental
medicine

292 patients, 281
students,
and 281
doctors

Patients: NR,
physicians:
85%, medical
students: 72%,
and dental students: 58%

Patients: median
55 (IQR 22), students: median 23
(IQR 1), and
physicians: median
40 (IQR 18)

Roguljić et al
[2], 2022

International

Cross-sectional

Journals

103

N/A

N/A

233

Unclear (clinical set- 52
ting)

Medical journals in
dentistry and otolaryngology

NR: not reported.

b

N/A: not applicable.
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Table 2. Ethical aspects of medical photography for publications.
Study, year

Study aim

Key findings

Jones [14],
1994

To determine common practices and attitudes toward
medical photography among hospital patients

Most departments insist on written informed consent. When releasing
clinical slides for publication, most departments insist that patient consent
is obtained.

Cheung et al
[22], 2005

To investigate patients’ attitudes toward medical photog- Most participants gave consent for publication of images in a medical
raphy and consent use at an emergency department
journal or books but were more likely to refuse consent for use of images
on internet medical sites.

Taylor et al [8],
2007

To investigate awareness of and compliance with present Less than half of the surgeons reported always obtaining consent, more
regulations regarding clinicians taking digital phooften verbal than written for different purposes. The process of consent
tographs of patients
must include the option that consent may be withdrawn at any time before
the information has passed irretrievably into the public domain.

Lau et al [15],
2010

To explore patient perception of digital photography

Approximately half of the patients would consent for each purpose of use.

Adeyemo et al
[10], 2012

To determine acceptance and perception of medical
photography among Nigerian patients

Most respondents indicated that their consent should be sought for each
purpose.

Kunde et al
[31], 2012

To review ethical and legal considerations of clinical
Verbal consent would be commonly obtained for different purposes, inphotography in dermatology and present a hypothetical cluding publication.
medicolegal scenario

Devakumar et
al [25], 2013

To explore the issues around photography in low-reParticipants considered that informed consent is required, but its form may
source settings by conducting discussions with medical vary depending on the context. Protection of the rights of children is espedoctors and researchers who are currently working or cially important in relation to photographs.
have recently worked in low-resource settings with
children

Hacard et al
[29], 2013

To evaluate patients’ perceptions of medical photographs Written consent was considered necessary for adult and pediatric patients.

De Runz et al
[24], 2014

To analyze the use of photography by plastic surgeons, Most of the surgeons considered that verbal consent or no consent is sufthe perception of this use by the patients, and medicole- ficient for taking patient photographs.
gal and ethical consequences

Leger et al [12], To investigate patient opinions on clinical photography Respondents preferred permission for photographs to be obtained in
2014
written form.
Caires et al
[11], 2015

To evaluate the knowledge of health care professionals Verbal and written consent for taking the photographs was lacking.
regarding taking medical photographs within the hospital
environment among hospital staff

Indu et al [30],
2015

To assess the awareness of oral pathologists regarding
various aspects of medical photographs

Rimoin et al
[34], 2016

To elucidate the nature of use, storage, and informed
A very small number of responders pursued some form of consent before
consent for digital photography among Mohs surgeons taking photographs, with most preferring verbal consent over written
consent. They considered that consent should be obtained for different
purposes.

Most students and faculty members informed the patients of the purpose
of the photograph and took verbal consent. Most of them mentioned to
the patient their right to withdraw consent.

Abbott et al [9], To evaluate the understanding of the use of smartphones Patient consent was not often documented regarding different uses of pa2017
in clinical practice regarding professional and legal risks tient photographs; respondents mostly did not receive information on relevant guidelines.
Dumestre and
Fraulin [26],
2017

To evaluate a smartphone app for clinical photography
regarding patient security among plastic surgeons,
plastic surgery residents, and patients who had undergone plastic surgery

Wang et al [37], To assess the perception and acceptability of medical
2017
photography in patients of dermatology

The app ensured adequate consent for educational and research purposes
but was inadequate for publication and disclosure to the public.

Almost half of the respondents considered that oral consent only should
be obtained before taking medical photographs, whereas the other half of
the respondents answered that written consent should be obtained. Most
of the respondents argued that all possible image uses should be detailed
in the consent form.

Milam and Leg- To examine dermatologists’ current practices in medical Most respondents agreed that patients should be allowed to withdraw
er [33], 2018
photography
consent and should be informed of the use of their photographs on each
occasion, including publication.
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Study, year

Study aim

Key findings

Dumestre and
Fraulin [27],
2020

To evaluate a smartphone app for clinical photography
that prioritizes and facilitates patient security

Patients considered the consent process acceptable in the app. Surgeons
and residents felt that the consent process was superior or equivalent to
previous methods.

Costa et al [23], To evaluate the behavior of dentists on the use of pa2020
tients’ images
Roguljić et al
[35], 2020

To explore opinions of patients, students, and doctors All respondents reported increased preference for more stringent forms
on the acceptability of different levels of deidentification of permission as the level of identifiability in photographs increased.
and the informed consent needed for publication in
academic journals
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Participants considered that informed consent for sharing patients’ images,
including in publications, can be verbal or absent when the patient cannot
be identified.
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Table 3. Practices and use of medical photography for research publications.
Study, year

Study aim

Key findings

Jones [14],
1994

To determine common practices and attitudes toward
medical photography among hospital patients

Most respondents felt that, even though the patient was consenting to
treatment by being in hospital, they still had a right to refuse to be photographed.

Windsor et al
[38], 2006

To summarize 3 months of digital photography taking
in an adult emergency department

The use of digital photographs and video clips in clinical settings is very
useful in creating a database of confidential medical records that can be
used for medical teaching and publication.

Taylor et al [8],
2007

To investigate awareness of and compliance with present Patients considered themselves insufficiently informed of their right to
regulations regarding clinicians taking digital phowithdraw consent. Surgeons used methods of deidentification for patient
tographs of patients
photographs for teaching and publication purposes. They stored passwordprotected photographs in PCs and personal cameras.

Clover et al [6], To analyze the effectiveness of blacking out the eyes in Deidentification failed most in the group with a covered eye area in a
2010
facial photographs through alternative techniques
photograph, followed by covering the eye and nose and covering the eyes,
nose, and mouth.
Lau et al [15],
2010

To explore patients’ perception of digital photography

Patients preferred the use of hospital cameras and nonidentifiable photographs for all purposes.

Engelstad et al
[28], 2011

To test the hypothesis that unaltered features from an
original full-face patient image could be blended with
other facial images to create a unique facial composite
that deidentifies the patient

Facial composites were more effective at deidentification than traditional
methods.

Adeyemo et al
[10], 2012

To determine acceptance and perception of medical
photography among Nigerian patients

Patients had high acceptance of medical photography, especially of nonidentifiable photographs. The use of institutional cameras operated and
stored by the patients’ physicians was the preferred method.

Kunde et al
[31], 2012

To explore ethical and legal considerations of clinical Dermatologic registrars used personal smartphones for taking photographs
photography in dermatology and present a hypothetical for different purposes, such as to obtain advice from peers, teaching,
medicolegal scenario
sharing with colleagues, treatment and disease monitoring, and publication.

Devakumar et
al [25], 2013

To explore the issues around photography in low-resource settings

Photographs of children in medical and research settings are useful as they
enrich teaching, research, and advocacy.

Hacard et al
[29], 2013

To evaluate patients’ perceptions of medical photography

Low acceptability of the use of the images in professional emails, health
magazines, television health programs, and medical websites. Publication
in medical scientific articles was significantly more acceptable for adults
than for children.

De Runz et al
[24], 2014

To analyze the use of medical photography by plastic
surgeons and perception of this use by the patients

Patients and surgeons had high acceptance of taking medical photographs
for diagnosis and treatment follow-up and lower acceptance for publication
purposes.

Leger et al [12], To investigate patients’ opinions of clinical photography Nonidentifiable photographs taken by their physician with clinic-owned
2014
cameras within the institution for all purposes were preferred. Race and
ethnicity, income level, and age influenced the patients’ answers.
Abbott et al [9], To evaluate the understanding of the use of smartphones Most respondents had and used smartphones for taking medical pho2017
in clinical practice regarding professional and legal risks tographs for different purposes.
Dumestre and
Fraulin [26],
2017

To evaluate a smartphone app for clinical photography
regarding patient security among plastic surgeons,
plastic surgery residents, and patients who had undergone plastic surgery

Patients: high acceptance of use for educational, research, communication,
and medical documentation purposes and less acceptance for publication
in a public medium; surgeons and residents: the app will be suitable for
use when certain issues regarding consent and protection of confidentiality
are overcome

Wang et al [37], To assess the perception and acceptability of medical
2017
photography in patients of dermatology

Patients’ physicians using clinic-owned cameras were the most accepted
as photographers. Low acceptability of use was reported for medical
websites and televised health programs.

Milam and Leg- To examine the current medical photography practices
er [33], 2018
of dermatologists

Respondents reported the use of medical photographs for different purposes, including research and publication. They used digital cameras, personal
phones, and electronic medical record applications. Photographs were
stored in the office computer with various security measures and shared
via email with colleagues and patients.

Nair et al [16],
2018

To assess patient perceptions regarding medical photog- Most patients accepted the use of smartphones for medical photography,
raphy and smart devices
but only a third approved the use of medical photographs in presentations
and medical journals. Patients preferred to be photographed by their
physician with their own camera or an institutional camera at the institution.
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Study, year

Study aim

Key findings

Dumestre and
Fraulin [27],
2020

To evaluate a smartphone app for clinical photography
that prioritizes and facilitates patient security

Patients: the purpose of the app was well explained, and it was perceived
as safe; surgeons and residents: respondents believed the app was suitable
for broad implementation to receive and send patient photographs

Abouzeid et al
[21], 2020

To evaluate the awareness of practice, opportunity, and Almost all students take photographs on a regular basis. Phone cameras
morals of dental photography among undergraduate
were the most commonly used device, followed by digital single-lens reflex
dental students
cameras. Verbal consent was obtained before taking photographs. For research publication, they edited the photographs using specific software or
by covering the eye area. More training in photography techniques was
perceived to be necessary.

Costa et al [23], To evaluate the behavior of dentists in using patients’
2020
images

The most common purposes of the use of photographs were didactic or
academic. Discussion groups on social media may increase the knowledge
of the use of patient photographs.

Table 4. Medical photography in research publications.
Study, year

Study aim

Shintani and
Williams [36],
2012

To investigate how guidelines on the protection of pa- Most of the published photographs were of the entire face or a part of the
tient anonymity are actually implemented and how ef- face. Masking the eye area was observed in half of the facial photographs,
fective such methods of protection are in 3 oral surgery and deidentification failed.
journals

Marshall et al
[3], 2018

To analyze current practices used in patient facial pho- Sensitive medical photographs from articles freely available were found
tograph deidentification
on Google Images. A small number of articles reported obtaining written
informed consent for publication of medical images from patients undergoing transgender surgery.

Roberts et al
[7], 2016

To analyze the current practices used in patient facial
photograph deidentification and set forth standardized
guidelines for improving patient autonomy that are
congruent with medical ethics and health insurance

Facial image anonymization guidelines varied across journals. When
anonymization was attempted, 87% of the images were inadequately
concealed. The most common technique used was masking the eyes alone
with a black box.

Lessing et al
[32], 2019

To assess consent requirements in a sample of 10 top
impact factor general medicine journals that publish
clinical images

All journals had web-based information regarding clinical image consent
requirements. Written consent was required for all identifiable photographs.

Roguljić et al
[2], 2022

a

Key findings

No journals were fully compliant with ICMJEa consent recommendations.

To analyze policies of journals that publish research and Only approximately half of the analyzed journals had a specific policy on
their implementation regarding patient consent for facial clinical images. A small number of articles that published recognizable
image publication
patient facial images included a statement on consent for image publication.

ICMJE: International Committee of Medical Journal Editors.

Ethical Aspects of Medical Photography for Research
Publications
Almost all studies that analyzed the ethical aspects of medical
photography in research publications (19/20, 95%; Table 2)
reported that the consent process was not conducted properly
for different uses of patients’ photographs, including for journal
publications. A total of 5% (1/20) of the studies stated that they
addressed medicolegal issues [31], but the study findings were
not put in the context of privacy protection legal regulations.
Studies that included patients and health professionals (13/20,
65%) were affirmative of the practice of obtaining informed
consent for the use of patient medical photographs. However,
relevant stakeholders recognized different levels of potential
risks if patient medical photographs were used for different
purposes, from treatment planning and follow-up in medical
documentation to education and different forms of publication.
Studies that investigated patients’ perspectives on the importance
of informed consent (8/20, 40%) showed that patients were
aware of the increased risks of being recognized after the
publication of their medical photographs by anyone who has
https://www.jmir.org/2022/8/e37594
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RenderX

access to the publication [10,12,14-16,22,35,37]. Patients in an
emergency medicine department were more likely to refuse
consent for the use of images on internet sites, but they would
provide consent for the purposes of medical education, medical
books, or journals [22]. Patients in that study were not aware
that medical books or journals could also be accessed on internet
sites [22]. Patients in a plastic surgery department were more
likely to approve the use of medical photography for diagnosis
and treatment follow-up but were also less likely to consent for
publication purposes [24]. A total of 10% (2/20) of the studies
showed that patients preferred to be offered consent for a
specific purpose and not a general consent for any type of use
of their medical photographs, including identifiable and
nonidentifiable photographs [10,14]. Furthermore, patients
preferred being offered a written consent form rather than being
offered oral consent [12,14,29].
Studies that involved plastic surgeons and dentists showed
diversity in written informed consent for taking photographs of
patients. A total of 17% (5/30) of the studies showed that patient
consent was not always obtained for taking and using patient
medical photographs and that the prevalent opinion was that
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verbal consent was sufficient [3,8,23,24,26]. Studies that
involved dermatologists (2/20, 10%) [9,33] showed that most
of them did obtain consent for patients’ photographs, but they
did not consider it necessary. In addition, dermatologists
emphasized the need for better education on this issue and the
need to create more realistic and practical policies for everyday
practice. They also asked for better policies and tools for patients
to exercise their right to withdraw their consent at a later time.
A small number of studies (4/20, 20%) investigated other health
professionals’ opinions regarding ethical publishing of medical
photography, involving residents, students, nurses, nursing
technicians, and physical therapists [11,30,31,35]. These studies
reported that health professionals in general had a lack of
knowledge regarding the need to obtain patient written consent
and the use of patient medical photographs in general. A survey
of nursing staff, physical therapists, and physicians reported a
lack of knowledge of both verbal and written consent for taking
patient photographs [11], whereas undergraduate and
postgraduate students considered that verbal consent was
sufficient for medical image publication [30,35]. Similarly, in
the study by Kunde et al [31], 4 out of 13 dermatology registrars
reported that they used verbal consent for taking photographs
of patients for publishing purposes.
In total, 7% (2/30) of the studies investigated the issues of taking
and using medical photographs of children [25,29]. In the focus
group study by Devakumar et al [25], pediatricians emphasized
that, although photographs are valuable resources, they might
be potentially harmful. Thus, written informed consent was
considered mandatory. In addition, they thought that the
publication of photographs from this patient population required
more stringent forms of informed consent to protect children.
Similarly, a questionnaire survey by Hacard et al [29] included
patients from a dermatology department and parents or legal
guardians from the pediatric department and showed that
acceptance of medical photographs was high among both groups.
They considered that written informed consent was required for
each purpose of use, with participants from the pediatric
department being stricter in this aspect.

Practices and Use of Medical Photography for
Research Publications
Studies addressing practices for taking medical photographs
(20/30, 67%; Table 3) were conducted among different
stakeholders: patients, medical staff, graduate and postgraduate
students of medicine and dental medicine, residents,
dermatologists, dentists, and plastic surgeons. The devices used
for taking medical photographs included institutional cameras,
personal cameras, and smartphones [9,29,38]. The device most
often used for taking patient photographs was a personal camera
(smartphone) [8,9,16,21,29,33], but 10% (3/30) of the studies
showed that patients preferred to be photographed by their
physicians using institutional cameras and in an institutional
setting [10,15,37]. Patients considered that the use of personal
devices, particularly smartphones, for taking medical
photographs constituted a potential breach of patient-physician
confidentiality [16].
Patients and physicians showed a high level of acceptance of
medical photography for different purposes, such as medical
https://www.jmir.org/2022/8/e37594
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documentation, research, communication, and education, but
less for their publication in a public medium such as medical
websites, professional emails, health magazines, and television
health programs [24,26,29,37]. Furthermore, they preferred
nonidentifiable over identifiable photographs for all types of
use [10,12,15,35]. However, the studies also showed that
conventional methods of deidentification of facial photographs
concealing the eye area are not sufficient to achieve
nonidentifiability [6,7]. The exception was the study by
Engelstad et al [28], which demonstrated successful
deidentification using a blended facial composite technique.
This technique combined significant components of the original
patient’s photograph with cropped parts of the head and neck
from other photographs using a computer software program to
create nonidentifiable photographs that still presented patient
details relevant to the clinical findings.
Several studies (8/20, 40%) reported that both patients and
physicians considered important to ensure secure data storage,
maintenance of privacy, and controlled access to the images
[8,9,14,16,26,29,30,37]. A total of 7% (2/30) of the studies
reported that dental students and dentists lacked knowledge and
training regarding the techniques of taking and managing patient
photographs, including for the purpose of publishing [21,23].

Medical Photography in Journal Articles
Studies addressing practices of publishing medical photographs
in medical journals (5/30, 17%; Table 4) demonstrated a large
diversity in publishing practices regarding consent for
publication. Studies that analyzed high-impact general medical
journals [32] or journals publishing dentistry and
otorhinolaryngology research [2] showed that journal policies
regarding the consent process and consent forms were
insufficient and that existing ethical professional guidelines
were not fully implemented in actual practices. A total of 40%
(2/5) of the studies analyzed the deidentification of facial
photographs published in medical journals and showed that the
most common techniques, such as concealing the eye area, were
not sufficient to protect the patient’s identity [7,36]. The authors
of these studies emphasized the importance of improving the
policies regarding consent for publication of patient facial
photographs. All facial photographs, with or without the applied
deidentification technique, should require separate written
consent for publication from the patient.
The only study that analyzed web access to patient-sensitive
data published in open-access journals and platforms was the
study by Marshall et al [3]. This study showed that patient
medical photographs, including the face (8.1% of the
photographs), were published in open-access formats and could
be accessed easily via a Google Image browser, indicating a
serious lack of protection of patient-sensitive data.

Discussion
Principal Findings
Our scoping review identified 30 studies that investigated
different aspects of publishing identifiable patient photographs
in research journals over a period of >25 years. It seems that,
despite existing legal and professional guidelines regarding the
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use of patient photographs, obtaining informed consent properly
is a challenge for many health professionals not only for
scientific publications but also for other purposes. Relevant
stakeholders did not always consider that only written informed
consent was necessary for the publication of a patient
photograph, and they also considered that it was possible to use
patient photographs after obtaining oral consent or even without
consent. Although relevant stakeholders were aware of the
potential issues of using patients’ medical photographs in terms
of violating privacy and confidentiality, they did not have a
satisfactory level of knowledge, skills, or tools to put existing
guidance on medical photography in research into practice.
Finally, there was little awareness of the current challenges,
such as the protection of patients’ clinical images and their
permanence and availability in a digital environment.
Our study had some limitations. Most of the studies included
in this scoping review (22/30, 73%) did not investigate medical
photography publishing as the primary topic but as one of
several purposes and aspects of medical photography. In
addition, the studies did not define clear criteria for the
deidentification of facial photographs. Although our search
strategy did not have language restrictions, 97% (29/30) of the
included studies were in English, and it is possible that there
are studies in other languages that were not captured by the
search of standard databases, registries, and gray literature
sources. The methodological issues of the studies, such as
questionnaire survey designs and insufficient reporting of
methods and results, which might influence the validity of the
studies, also limit the comparisons and generalizability of the
findings.
We also did not assess the compliance of practices with legal
standards as they varied in the countries in which the studies
were performed. We presumed that the studies considered the
contemporary legal regulations and investigated the compliance,
practices, and opinions of the participants in relation to these
regulations. The protection of patients’ personal data is ensured
by strict legal regulations such as the Health Insurance
Portability and Accountability Act in the United States [39]. In
Europe, the General Data Protection Regulation (GDPR)
provides the strictest protection of patient personal data,
including for research purposes [40,41]. According to the GDPR,
consent is one of the legal bases for lawful processing of
personal data and is most relevant for publications in scientific
journals. Accordingly, a research participant consents to have
the right to be informed, withdraw consent, have access to data,
rectify the data or erase them, restrict data processing, and obtain
and reuse their data (data portability) [40,41].
The problem of following procedures for obtaining valid patient
consent in clinical practice is not limited to the purposes of
publication but is a part of the general challenge in medical
practice. A recent updated systematic review by Glaser et al
[42] regarding interventions to improve patient comprehension
in obtaining informed consent for medical procedures showed
that, although progress was achieved, the consent process does
not always meet 4 key elements of valid informed
consent—decision capacity, documentation of consent,
disclosure, and competency. The findings of our scoping review
focused on the ethical publication of patient photographs in
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scientific journals and also showed that there are problems not
only with the existing guidance, such as successful
deidentification of published photographs, but even more with
implementing existing guidance in practice, particularly in
relation to proper and adequate informed consent. For example,
despite the existence of ethical guidelines created by relevant
professional or governmental organizations on the importance
of obtaining patient consent in written form [5,43], studies that
investigated the practices of obtaining informed consent for
different uses of medical photographs (7/30, 23%) showed that
even high-profile academic clinicians still considered verbal
consent sufficient [8,9,23,26,33,35,37]. In another study,
dermatologists reported that they did not always document
patient consent for a specific purpose [9], indicating the need
for better education at all career stages as well as the creation
of more practical guidance for the implementation of standards
for consent procedures in everyday practice. An unsatisfactory
level of knowledge was also present among other health
professionals as well as among patients [9,11,24,30,35].
Inasmuch as most of the analyzed studies in our scoping review
used cross-sectional designs (26/30, 87%), future studies should
have an interventional or qualitative design to investigate
possible solutions for increasing the level of knowledge of all
relevant stakeholders. We also did not identify studies that
investigated whether consent for a research study included
consent for publication and whether that consent provided
sufficient information to the participants regarding how their
photographs would be published and under which publishing
license.
As open-access publishing has become a common format for
medical research, patients’ informed consent for identifiable
photographs in open-access journals deserves special attention.
Considering that patients can be a very heterogeneous group
regarding educational level and socioeconomic background,
health professionals should be able to explain to them that
scientific articles published in open-access journals could be as
accessible as any other information on the internet. It seems
that patients do not always perceive that scientific journals are
available on the web in the same way as any other content on
the internet. For example, patients in an emergency department
were more likely to consent to the use of their medical
photographs in medical publications than on websites [22].
Thus, it is important that patients are fully informed of the
implications of publishing photographs in a web-based medium
before signing the consent form. They should be warned that
open-access formats allow access to their photographs without
any safeguards, leaving no possibility to withdraw or control
their future use.
Generally, both patients and health professionals had high
acceptance of medical photography and found it useful for many
purposes, but patients preferred the use of nonidentifiable
photographs [10,12,15]. Several studies that analyzed methods
of deidentification of facial photographs (4/30, 13%) showed
that conventional techniques were insufficient, and such
photographs cannot be considered as nonidentifiable [6,7,35,36].
Such photographs should be considered as potentially
reidentifiable, which leads to the conclusion that, in many
situations, it is not possible to determine whether the photograph
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is identifiable. Furthermore, different computer programs have
been developed to identify a person from a photograph (eg,
DeepFace, Visual Search, Social Mapper, and Amazon
Rekognition) with high levels of accuracy [44]. Patients may
not be aware of this issue, but physicians should anticipate such
situations and protect patients by providing proper informed
consent. Although health care professionals commonly use
medical photography in medical documentation, patient privacy
becomes jeopardized when such photographs are used for other
purposes such as communication with colleagues, lectures,
presentations, or publications [43]. Patients were more likely
to allow the use of their photographs for medical documentation,
treatment follow-up, and education than for publications,
websites, social media, and televised programs [26,29,37]. These
findings suggest that patients recognize the increased risk of
violating their privacy in a public environment regardless of
their general affirmative attitudes toward medical photographs.
The studies included in this review addressed not only fully
identifiable photographs but also potentially reidentifiable
photographs as well as those that were considered to be
nonidentifiable. The distinction between these types of
photographs is very difficult [6-8], and it has been shown that
patients and their families or social environment can recognize
them even if the photograph that was published was considered
to be fully nonidentifiable [45]. It would be safe to consider
that all photographs of a patient’s body are potentially
identifiable or reidentifiable and that consent for the publication
of such photographs should be sought.
The full maintenance of medical photography integrity requires
practical protocols that should be in accordance with current
guidelines and best ethical practices [5,46]. However, there are
still different practices for taking and storing photographs, so
it seems that the process of taking patient photographs has not
yet been standardized and might be one of the reasons why the
consent processes for their different uses are not often performed
and reported in line with best ethical practices. Studies that
analyzed the clinical practices of taking medical photographs
(20/30, 67%) showed that patients were more likely to be
photographed by their physicians than by other health personnel.
In addition, patients were more consenting of being
photographed with institutional cameras than with personal
devices. These findings indicate that taking an identifying
photograph is a sensitive procedure in which patients expect a
high level of confidentiality and privacy. Following established
guidelines such as those from the ICMJE would be a good
beginning toward the responsible publishing of medical
photography.
The analysis of medical journals also demonstrated the problem
of an insufficient consent process for the publication of patient
photographs. As journals have been shown not to be fully
compliant with ICMJE consent recommendations, it was
recommended that standard consent forms for the publication
of identifiable images in medical journals should be developed
[32]. Studies that investigated the ethical publication of
identifiable photographs of patients (5/30, 17%) came to a very
similar conclusion: there is a lack of consensus from journal
editors and publishers, and uniform publishing policies are
needed. The aforementioned recommendation seems reasonable
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and actionable as editorial organizations have created similar
standards for other declarations in published studies, such as
competing interest declarations from the ICMJE [47]. As
previously mentioned, the digital environment represents a new
challenge for publishing practices, especially with the growing
trend of open-access publications. Journal editors and publishers
should make clear what their publishing practices involve with
regard to the use and sharing of published patient photographs,
develop appropriate procedures for adequate and responsible
declaration of obtaining informed consent for photograph
publication that are separate from declaring and describing
informed consent for research, and incorporate the submission
of relevant declarations in web-based manuscript submission
systems. They also have to protect the identity of the patients
and not receive or publish consent forms from patients but rather
ensure that authors provide declarations that appropriate
procedures were followed and that patients gave informed
consent for publishing their (identifying) photographs. If
journals advise authors to provide proof of consent for persons
mentioned in the acknowledgments [5], then they have to ensure
the integrity of publishing patient photographs.

Gaps in Knowledge
This scoping review provided information about the attitudes,
opinions, and practices regarding medical photography among
relevant stakeholders and showed that they recognized the issues
of privacy protection when medical photographs are used,
particularly in publications. The impact of recent legal
regulations related to personal data protection, such as the GDPR
[40,41], on the publication of potentially identifiable
photographs of research participants needs also to be further
investigated. As it was shown that all stakeholders lack
knowledge regarding the ethical publication of patient medical
photographs, interventional studies are needed to address
effective education and training. In addition, there is no evidence
in the literature of the knowledge of stakeholders regarding
published medical photographs in freely available web-based
formats, particularly those published under licenses for wide
use. An emerging issue that has not yet been addressed is the
publication of medical photographs in preprints. Preprints, as
“complete and public drafts of scientific documents, not yet
certified by peer review” [48], do not pass the same scrutiny as
regular journal publications, but their number and importance
have enormously increased [49,50]. The latest update of the
ICMJE Recommendations for the Conduct, Reporting, Editing,
and Publication of Scholarly Work in Medical Journals [5] in
2021 emphasized the need for appropriate declarations regarding
published articles in preprint archives, such as disclosure of
funding sources and disclosure of interest, but ethical issues
about consent for patients’ photographs were not mentioned.
As one of the main aims of preprints is to increase the
discoverability of research, the openness of such publications
may be a facilitator for the research community but a threat and
concern for patients whose photographs may be published in a
way that will hinder the protection of their privacy. A recent
study of editorial policies in preprint archives did not report on
patient privacy protection, and only 20% of the archives in
health sciences stated that they followed the ICMJE
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recommendations [51]. Future studies should investigate the
practices of publishing patient photographs in preprints.

Conclusions
This scoping review of opinions, standards, and practices in
publishing identifiable patient photographs in almost a 30-year
period leads to the conclusion that all stakeholders in this issue
have not fully developed and implemented best-practice
standards for publishing medical images, particularly identifiable
photographs of individuals. They are also not ready for the
challenges of new developments in how we communicate
research. In a digital environment, the protection of patient
privacy is especially difficult because of how research
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information is shared on the web and on social media.
Furthermore, newly developed digital tools for the
deidentification of photographs are not commonly used,
although it is clear that a standard black tape across the eyes on
a photo does not make the person nonidentifiable. Despite the
existence of legal, governmental, and professional policies and
guidelines, the consent process and obtaining informed consent
for publication are often not properly conducted or adequately
reported in scientific literature. Relevant professional and ethics
organizations, as well as journals and publishers, should address
the emerging challenges in privacy protection by developing
and updating guidance, protocols, and tools to ensure best
practices in publishing patient photographs in medical literature.
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Abstract
Background: As the need for digital health care based on mobile devices is increasing, with the rapid development of digital
technologies, especially in the face of the COVID-19 pandemic, gaining a better understanding of the industrial structure is needed
to activate the use of digital health care.
Objective: The aim of this study was to suggest measures to revitalize the digital health care industry by deriving the stakeholders
and major issues with respect to the ecosystem of the industry.
Methods: A total of 1822 newspaper articles were collected using Big Kings, a big data system for news, for a limited period
from 2016 to August 2021, when the mobile health care project was promoted in Korea centered on public health centers. The
R and NetMiner programs were used for network analysis.
Results: The Korean government and the Ministry of Health and Welfare showed the highest centrality and appeared as major
stakeholders, and their common major issues were “reviewing the introduction of telemedicine,” “concerns about bankruptcy of
local clinics,” and “building an integrated platform for precision medicine.” In addition, the major stakeholders of medical
institutions and companies were Seoul National University Hospital, Kangbuk Samsung Hospital, Ajou University Hospital,
Samsung, and Vuno Inc.
Conclusions: This analysis confirmed that the issues related to digital health care are largely composed of telemedicine, data,
and health care business. For digital health care to develop as a national innovative growth engine and to be institutionalized, the
development of a digital health care fee model that can improve the regulatory system and the cost-effectiveness of patient care,
centering on the Ministry of Health and Welfare as a key stakeholder, is essential.
(J Med Internet Res 2022;24(8):e37622) doi:10.2196/37622
KEYWORDS
digital health care; industrial ecosystem; network analysis; topic modeling; South Korea

Introduction
In the 21st century, epidemics, including Severe Acute
Respiratory Syndrome and Middle East Respiratory Syndrome,
spread rampantly, causing enormous social and economic losses
and casualties. Above all else, pandemics such as COVID-19
are directly threatening our health and life, and modern society
is entering a situation in which forecasting is more difficult than
https://www.jmir.org/2022/8/e37622
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ever before [1,2]. Due to the prolonged COVID-19 pandemic,
the amount of physical activity has decreased by 2%-30%.
Measures such as quarantine and social distancing have only
highlighted the importance of mental well-being and health
care. The disconnection of communication in daily life due to
social distancing has a great impact on the happiness and health
of individuals. Social and economic factors such as
unemployment and loss of income, depression, anxiety, and
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37622 | p.403
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lack of social communication due to COVID-19 and associated
restrictions on physical contact seem to have a negative impact
on health. Accordingly, digital health care is being used to
compensate for the collapse of the medical system due to the
increase in infection and to manage health during disconnection.
Digital health care is accessible regardless of location, enabling
communication between users. Therefore, it is judged that more
digital solutions will be essential not only for health care but
also to solve the continuing COVID-19 pandemic and future
pandemics.
As digital smart technologies such as smartphones, Internet of
Things (IoT), wearable devices, and cloud computing, which
were previously outside of the existing medical system area,
are rapidly being grafted into the medical field, the utilization
of digital health care has been emerging, through which health
care can be received anytime and anywhere via various advanced
information and communication technologies (ICTs) [3,4].
Digital health care technology is attracting attention as an
effective untact (ie, without face-to-face encounters) treatment
method in the COVID-19 crisis, which is recognized as an
alternative that can be applied to patient evaluation and
management [5]. Amid such changes, the medical environment
is also expected to undergo a major change; the perception of
telemedicine is changing due to the expansion of untact services
and treatment caused by self-quarantine [6,7].
Digital health care was first mentioned by Seth R Frank in 2000
[8], which is defined as a service formed by the convergence
of the internet and health care, combining health care with the
core technologies of the so-called “4th industrial revolution,”
including ICT, IoT, cloud computing, big data, and artificial
intelligence (AI) [9,10]. In addition, digital health care provides
a personalized health management process based on information,
including health information, biorhythms, and health behaviors,
collected through personal devices and health-related apps [11].
Restricted medical access and other unresolved problems in the
medical field have traditionally limited access to medical data;
however, a movement has recently emerged to foster the digital
health care industry due to the revision of the 3 Data Acts and
others [12,13]. A great feature of digital health care is that it
enables the treatment and prediction of diseases by utilizing
patient big data. Toward this end, it is necessary to effectively
utilize big data while maintaining the security of personal
information.
In Korea, regulations on data use have prevented digital health
care companies from becoming active. However, with revision
of the 3 Data Act, big data analysis using pseudonymized data
became possible, and this is expected to be a turning point in
digital health care innovation using AI and big data.
Accordingly, as the development speed of digital technology
has become rapidly high and various types of health care
services based on mobile devices have been increasing, research
is being actively conducted to expand the application of digital
health care.
To date, studies on digital health care have mainly focused on
user acceptance, intention, and willingness for continuous use.
Becker [14] investigated the acceptance intention of mobile
health (mHealth) apps, targeting German adults aged 18-35
https://www.jmir.org/2022/8/e37622
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years, finding that the leakage and loss of personal information
in the medical sector is the most sensitive matter to users. In
addition, Kim et al [15] analyzed the determinants of the
intention to use wearable device products in a middle-aged and
elderly population, with the goal of suggesting alternatives to
the increase in health care demand and costs due to aging of the
population. Moreover, studies on smart health care systems to
expand the use of digital health care through big data case
studies and providing patient-oriented services are being actively
conducted. However, digital health care products involve many
stakeholders before they are delivered to users. In the existing
health care system, hospitals, pharmaceutical and medical device
companies, and patients represent the main stakeholders,
whereas the primary stakeholders in the digital health care
industry are insurance companies, health care professional
services, telecommunication companies, manufacturers of
wearable devices (eg, biosensors), and health care app solution
providers; thus, a new ecosystem is being formed.
In this changing paradigm, to activate and promote the
utilization of digital health care, it is necessary to first
understand the industry structure; however, the research in this
field remains insufficient. In particular, digital health care
products are closely associated with regulations and related
policies because they affect the human body. For digital health
care products to be practically used, it is necessary to establish
future policy directions by grasping the relationship between
stakeholders and issues regarding the industry.
Therefore, the aim of this study was to analyze the network of
the digital health care industry using newspaper articles that
form the basis of social debates on specific issues. Through this
approach, we intend to suggest measures to revitalize the
industry by deriving the stakeholders and major issues with
respect to the ecosystem of the digital health care industry. In
other words, by analyzing the ecosystem surrounding the current
digital health care industry and identifying key stakeholders
and major issues, we can propose policy alternatives for the
future development of the industry. The ultimate goal is to
provide personalized medical services through digital health
care, thereby contributing to reducing social costs through
preventive treatment.

Methods
Korean Digital Health Care
The major subject of digital health care in South Korea can be
classified into a telemedicine pilot project and a mobile health
care project. The former started with a remote image diagnosis
pilot project as a collaboration between Seoul National
University Hospital and Yeoncheon Public Health Center in
1988, which was promoted until the mid-1990s, but could not
be activated due to factors such as limitations in ICT, an
insufficient socioeconomic environment, and no supporting
laws and systems [16]. Subsequently, after revision of the
Medical Act to allow telemedicine between doctors and patients
in 2003, digital health care has been used for health service
accessibility, chronic disease management, and other health
care services, centered on both local and public health centers
[17]. In the telemedicine pilot that ran from 2014 to 2017,
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various types of pilot projects were applied for patients with
chronic illnesses and visiting nursing systems to offer digital
health care services for the disabled, elderly, and other
vulnerable groups with access difficulty. A social consensus
was not reached due to the risk of misdiagnosis and legal
disputes in telemedicine. From this negative perspective, there
were limits to the provision of telemedicine, which also limits
the use of digital health care. Meanwhile, with the emergence
of COVID-19, South Korea has temporarily allowed
telemedicine, and has thus been able to provide patient-oriented
medical services based on data obtained through digital health
care. Through telemedicine, medical services were provided to
patients who had difficulty visiting hospitals, improving health
service accessibility. In the midst of such changes, even citizens
who previously expressed negative views on telemedicine also
empathize with the need for telemedicine, resulting in a trend
of expansion in the utilization of digital health care in the
country [18].
To overcome the limitations of the existing health care service
and verify the effectiveness of mHealth, a mobile health care
project has been promoted since 2016, centered on public health
centers. For this purpose, an mHealth platform was developed,
providing health care services by interlocking mobile apps and
devices. To meet the demand for preventive health care,
customized health care services are provided by utilizing digital
health care based on ICT, big data, and other applications in
health centers belonging to the public sector. For those with
health risk factors for metabolic syndrome, doctors, nurses,
nutritionists, exercise specialists, and other professionals are
providing customized health counseling for 6 months. Digital
health care is being utilized to reduce medical expenses and
effectively help national health promotion by continuously
managing and preventing chronic diseases and other conditions

Park et al
[19]. However, a health care service delivery system through
digital health care has not yet been established owing to
limitations in data utilization and related factors. Accordingly,
to overcome such limitations and build an effective health
management system utilizing digital health care, we performed
an analysis on the stakeholders related to the digital health care
industry.

Research Model
The purpose of this study was to derive measures to activate
digital health care through network analysis. To this end, we
used newspaper articles to identify trends in the related
industries and analyze associated issues. Newspaper articles
reflect public perceptions and industrial opinions on specific
topics, enabling broader ecosystem analysis than possible with
academic papers. In addition, as newspaper articles can reflect
expert opinions, there is an added advantage of including the
opinions of more professional stakeholders than possible when
analyzing data from social networking sites (SNSs) such as
Twitter and Google. The analysis period was set from 2016 to
August 2021, when the mobile health care project was promoted,
being centered on public health centers. For data collection, we
used the news big data system BIG Kinds [20]. BIG Kinds is
the largest search engine in Korea, providing articles from 11
central, 8 economic, 28 regional, 5 broadcasting, and 2
specialized magazines. To ensure data reliability, articles were
collected using 11 domestic metropolitan newspapers, excluding
economic magazines, regional comprehensive magazines,
broadcasting companies, and specialized magazines. The search
keyword was set to “digital health care,” and a total of 1822
articles were used for analysis. The study flow then followed
the order term frequency-inverse document frequency (TF-IDF)
keyword extraction, topic modeling, and network analysis
(Figure 1).

Figure 1. Research model. TF-IDF: term frequency-inverse document frequency.

Analysis Method
The collected text data were analyzed using programs of R 4.1.1
(RStudio, Inc, Boston, MA, USA) and NetMiner 4.4.1 (Cyram
Inc, Seoul, Korea). First, for data preprocessing, we used the
“KoNLP” package, a Korean morpheme analysis function of
R, and the “koRpus” package, which can extract language
samples with a specific purpose for natural language research.
Second, TF-IDF weights were extracted from the extracted text,
and then major topics were derived using topic modeling. Third,
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network analysis was performed with NetMiner. Major
stakeholders in the digital health care industry and related issues
were analyzed through 2-mode network analysis, which can
analyze the dual structure of data, such as the relationship
between organizations and the relationship between an
organization and its members. In other words, the 2-mode
network was used because it enabled elucidating the
relationships between stakeholders in the digital health care
industry, between issues, and between stakeholders and issues.
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The TF-IDF weight model is a statistical index to investigate
the importance of keywords, which is the weight generated by
multiplying the reciprocals of keyword and document
frequencies. The larger the TF-IDF value, the more likely it is
to determine the meaning or topic of the document to which the
relevant word belongs; thus, it is utilized as a measure to extract
major keywords from text data [21,22]. TF-IDF analysis is
useful for analyzing issues frequently mentioned in SNS or
news articles, through which we can discover the main content,
information, network relationships, and other aspects regarding
the issues of interest [23]. With topic modeling, all keywords
included in text are organized by topic, where values within
topics are automatically arranged in descending order. Since a
large number of keywords are summarized into analysis units
referred to as “topics,” the arranged topic can be considered a
cluster representing the keywords that constitute the topic.
Through this approach, it is possible to understand what topics
the keywords are composed of, the importance between
keywords, and similar characteristics [24,25]. Since topic
modeling has the advantage of considering and identifying all
of the multiple topics included in a single document, it has
recently become more widely used in studies related to the fields
of management, policy, and industry [26,27].

network. This approach can therefore enable searching for actors
playing a central role in the network [34].

Network analysis is a method used to quantitatively analyze the
relationship of individualized nodes, and is also a technique to
identify the regular and stylized patterns that are consequently
induced by interactions between actors [28]. Network analysis
can find various hidden relationship types that are not normally
recognized, and can structurally grasp the expression of specific
relationship types [29,30]. Network analysis is divided into a
1-mode and 2-mode network according to the analysis target.
One-mode network analysis is performed to analyze the
relationship between objects when there is an n number of
objects of the same nature, and the associative relation is
analyzed after organizing the objects into an n×n matrix. When
two objects with different properties exist, 2-mode network
analysis is used to analyze the relation between them [31].

Results

In addition, to interpret the network analysis, the degree of
centrality is measured by using concepts such as the node, link,
and connection degree [32]. Centrality is an index expressing
the degree to which an actor is centrally located in the entire
network; through centrality analysis, it is possible to identify
key actors in the network and to determine how close each actor
is to the center, along with similar metrics [33]. By showing
the position each actor (nodes, keywords) occupies in the overall
network and mathematically presenting their size, the actors
can be separated into the core part and the periphery of the
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There are various types of centrality indices, including degree
centrality, betweenness centrality, closeness centrality, and
others. In this study, we used degree centrality, which is the
most commonly used index in network analysis. Degree
centrality refers to the degree of how many neighboring words
are connected to a specific keyword; a higher number of
connected words indicates higher centrality [35-37]. In degree
centrality, the connection degree with other nodes is emphasized,
which enables identifying how many relationships the node is
involved in [38]. In other words, when using nodes with a high
degree of connection, it will be easier to obtain information
through their relationships with other nodes. If the nodes
disappear in the network, interactions with connected
neighboring nodes will be lost, resulting in loss of network
function; thus, they are more likely to be key nodes in the
network [39,40]. Therefore, in this study, we derived
stakeholders and issues regarding the digital health care industry
through 2-mode network analysis, also aiming to identify key
stakeholders and corresponding major issues with respect to
their relationship through evaluation of the degree centrality.

TF-IDF Analysis
TF-IDF analysis to identify keywords that have been frequently
utilized in the articles analyzed showed that the word with the
highest importance among the top 25 keywords (Table 1) was
“Medical Care,” indicating that discussions related to the
application of digital health care in the medical field have been
continuously ongoing. This highest-ranking word was followed
by “Government,” “Hospitals,” “COVID-19,” “Care,” and
“Insurance,” as the terms with the highest weight values. As a
state of public health emergency has been declared in accordance
with the spread of COVID-19 and telemedicine services have
consequently expanded, it can be seen that the government is
promoting precision medicine, smart hospital construction, and
so forth. Conversely, keywords with relatively lower weight
values were found to be “Regulation,” “Innovation,” “Samsung,”
“Seoul National University,” and “Venture” (Table 1). These
terms with lower weight demonstrate that discussion is
insufficient on the regulatory policy that could be the basis for
the activation of digital health care, and that cooperation
between companies and universities for product development
is not yet active.
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Table 1. Top 25 ranking keywords based on term frequency-inverse document frequency (TF-IDF) analysis.
Rank

Keywords

TF-IDF

1

Medical care

60.75

2

Government

55.69

3

Hospital

48.76

4

COVID-19

46.52

5

Care

45.61

6

Insurance

44.98

7

Health

42.01

8

Information

40.43

9

Bio

39.92

10

Remote

37.15

11

Data

36.60

12

Company

36.29

13

USA

34.58

14

Seoul

33.84

15

Startup

33.23

16

Technology

31.70

17

Health

31.49

18

Digital

30.22

19

Communication

30.02

20

Economy

27.54

21

Regulation

27.41

22

Innovation

27.13

23

Samsung

26.48

24

Seoul National University

24.31

25

Venture

23.33

Topic Modeling Analysis
Topic modeling analysis identified a total of 7 topics; we directly
assigned the topic name after identifying the correlation between
keywords in the topic. Topics 2, 3, and 4 were assigned to
“Government”; Topics 1 and 6 were assigned to “Medical
Institution”; and Topics 5 and 7 were assigned the topic name
“Company.” Keywords belonging to the “Government” topic
included Digital, Data, Support, Government, Regulation,
COVID-19, and Platform, reflecting the recent movement to
invigorate the digital health care industry through the
government’s vitalization of the usage of medical data, including
the My Data project and the Bio-Health promotion policy. With
COVID-19, the demand for untact medical care will further
increase continuously in the future; thus, it seems that the
necessity to vitalize related industries will be further highlighted.
In addition, the government is preparing a foothold for nurturing
the digital health care industry via related projects such as
establishment of a big data platform, which has limitations in
the private capacity.
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The keywords belonging to the topic “Medical Institution”
included Medical Treatment, Patient, Remote, Smart, Medical
Care, and Policy. In the case of medical institutions, it is judged
that since the number of outpatients has decreased due to
COVID-19, the importance of telemedicine is expanding. In
addition, this finding seems to reflect attempts to realize the
effective management of patients with chronic diseases and the
improvement of health service accessibility by building smart
medical care using digital health care products. Conversely, the
top keywords belonging to the topic “Company” were Service,
Innovation, Device, Startup, Company, and Insurance. In the
case of digital health care, those who have access to digital
technologies such as AI, ICT, and IoT, even if not belonging
to the existing digital health care industry, can readily enter the
industry; accordingly, startups are actively being established.
Furthermore, to develop digital health care products, cooperation
with doctors and hospitals is required; thus, it seems necessary
to establish a cooperative company-hospital-doctor system
(Table 2).
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Table 2. Topic modeling analysis.
Themes and topics

Keywords

Government
Topic 2

Digital, Health, Korea, Field, Support, Provision, Representative, Company, Communication

Topic 3

Health, Data, Market, Utilization, Investment, Cooperation, Nurturing, Research, Driving, Change

Topic 4

Government, Regulation, COVID-19, Bio, World, Platform, Plan, Individual, Data

Medical institution
Topic 1

Government, Patient, Economy, Health, Technology, Medical Treatment, Construction, Cure, Region, Policy

Topic 6

Medical Care, Remote, Management, Smart, Seoul, Possibility, Special Zone, Country, Strategy, Apple

Company

a

Topic 5

Service, Innovation, Device, Growth, Future, Startup, Center, Promotion, Diagnosis, Global

Topic 7

Industry, Company, Business, Hospital, Insurance, AIa, Institution, Doctor, Expansion, Development

AI: artificial intelligence.

Network Analysis
Network analysis was performed to analyze the ecosystem of
the digital health care industry, and the relationship between
nodes was identified according to the degree centrality (Figure
2). A total of 79 stakeholders and 40 key issues constituted the
industrial ecosystem network. The major stakeholders included
(1) government and regulatory agencies, represented by the

government, Ministry of Health and Welfare, Ministry of
Science and ICT, and Regulatory Reform Committee, and (2)
medical institutions such as Seoul National University Hospital,
Ajou University Hospital, and Gachon University Gil Medical
Hospital. Stakeholders also included industrial and maintenance
organizations such as the Korea Digital Health Industry
Association, Asan Nanum Foundation, Samsung, LG
Electronics, and KB Insurance.

Figure 2. Network analysis. Red indicates stakeholders (circles, S) and blue indicates the main issues (squares, I).
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The stakeholder showing the greatest centrality was the Ministry
of Health and Welfare. In other words, the Ministry of Health
and Welfare raises core issues with respect to the network of
the digital health care industry ecosystem, representing the actor
connected with major issues and other actors in the industry.
The government had the second highest centrality value,
followed by the Ministry of Food and Drug Safety, Ministry of
Science and ICT, and Korean Medical Association in descending
order. Thus, the majority of government and regulatory agencies
showed higher centrality, except for the three actors ranking in
the top 10 with high centrality: the Korean Medical Association,
Seoul National University Hospital, and SK Telecom. This
seems to be because the digital health care industry ecosystem
network became structured, led by the government, on the key
issues and actors as the government-centered discussion on the
activation of digital health care progressed (Table 3).
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Next, we examined the major issues regarding stakeholders.
The key issue in the digital health care industry ecosystem
network was telemedicine introduction review, followed by
passing of the 3 Data Acts, accuracy of AI technology in health
care, deregulation of the health care sector, and smart health
business (Table 4). Although South Korea has a strong personal
information act, the development possibility of telemedicine
has increased since revision of the 3 Data Acts was passed in
the National Assembly. Particularly, telemedicine services have
largely expanded in recent years since the state of public health
emergency was declared according to the spread of COVID-19.
Our findings further confirmed that deregulation in the health
care sector, platform construction, and personnel training in
related fields are emerging as major issues due to the expansion
of private participation in digital health care. Moreover, other
issues have been discussed, such as smart care policy, job
creation, and AI real-time prediction of disease diagnosis and
infection route (Table 4).
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Table 3. Centrality of stakeholders.
Rank

Stakeholder

Number of nodes

Centrality

1

Ministry of Health and Welfare

17

0.425

2

Government

14

0.350

3

Ministry of Food and Drug Safety

8

0.200

4

Ministry of Science and ICTa

7

0.175

5

Korean Medical Association

6

0.150

6

Ministry of Strategy and Finance

5

0.125

7

Ministry of Trade, Industry and Energy

4

0.100

8

Seoul National University Hospital

3

0.075

9

Prime Minister

3

0.075

10

SK Telecom

3

0.075

11

Health Insurance Review & Assessment Service

3

0.075

12

Samsung

2

0.075

13

Watson Division

2

0.050

14

Vuno Inc

2

0.050

15

Democratic Party of Korea

2

0.050

16

Korea Health Industry Development Institute

2

0.050

17

National Assembly

2

0.050

18

People’s Solidarity for Participatory Democracy

2

0.050

19

Korea Economic Research Institute

2

0.050

20

Korea Insurance Research Institute

2

0.050

21

Kangbuk Samsung Hospital

2

0.050

22

Korea Pharmaceutical and Bio-Pharma Manufacturers Association

2

0.050

23

Osong Medical Innovation Foundation

2

0.050

24

National Health Insurance Corporation

2

0.050

25

Korea Internet & Security Agency

2

0.050

26

Gangwon-do

2

0.050

27

Ministry of SMEsb and Startups

2

0.050

28

LG Electronics

1

0.025

29

Medical Graduate School

1

0.025

30

KT

1

0.025

31

Green Cross Corporation

1

0.025

32

GE Healthcare

1

0.025

33

Ajou University Hospital

34

AIc Precision Medical Promotion Group

1

0.025

35

Gachon University Gil Medical Center

1

0.025

36

National Human Rights Commission of Korea

1

0.025

37

Apple

1

0.025

38

Regulatory Reform Committee

1

0.025

39

Seoul National University Bundang Hospital

1

0.025

40

Korean Pharmaceutical Association

1

0.025

41

Research Institute for Healthcare Policy under the KMAd

1

0.025
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Rank

Stakeholder

Number of nodes

Centrality

42

U Health Industry Headquarters

1

0.025

43

Asan Medical Center

1

0.025

44

The People’s Party

1

0.025

45

Innovation Growth Headquarters

1

0.025

46

Samsung Fire Insurance

1

0.025

47

Kyobo Life Insurance

1

0.025

48

KB Insurance

1

0.025

49

Financial Supervisory Service

1

0.025

50

Financial Services Commission

1

0.025

51

Korea Digital Health Industry Association

1

0.025

52

Public Health Center

1

0.025

53

Korea Institute for Advancement of Technology

1

0.025

54

Siemens

1

0.025

55

KEPCO KDN

1

0.025

56

Korea International Trade Association

1

0.025

57

Electronics and Telecommunications Research Institute

1

0.025

58

Ministry of Public Administration and Security

1

0.025

59

Korea Venture Business Association

1

0.025

60

Minister Park Young-Sun

1

0.025

61

Deliberative Committee of Special Cases on Regulation

1

0.025

62

Korea Venture Investment Corporation

1

0.025

63

Chungcheongbuk-do

1

0.025

64

Busan

1

0.025

65

National Bio-bank of Korea

1

0.025

66

Ulsan

1

0.025

67

National Institute of Food and Drug Safety Evaluation

1

0.025

68

FDAe

1

0.025

69

Sejong-si

1

0.025

70

OECDf

1

0.025

71

National Cancer Center

1

0.025

72

Biotechnology Industry Organization

1

0.025

73

Korea Centers for Disease Control and Prevention

1

0.025

74

Korea Life Insurance Association

1

0.025

75

Regulatory Reform Committee

1

0.025

76

Seoul St. Mary's Hospital

1

0.025

77

Asan Nanum Foundation

1

0.025

78

Social Welfare Committee

1

0.025
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Rank

Stakeholder

Number of nodes

Centrality

79

Korea Health Promotion Institute

1

0.025

ICT: information and communications technology.

b

SME: small and medium-sized enterprise.

c

AI: artificial intelligence.

d

KMA: Korea Meteorological Administration.

e

FDA: Food and Drug Association.

f

OECD: Organisation for Economic Co-operation and Development.
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Table 4. Centrality of chief issues.

a

Rank

Chief issues

Number of nodes

Centrality

1

Review of telemedicine introduction

11

0.139

2

3 Data Acts passed

9

0.113

3

Accuracy of health care AIa technology

8

0.101

4

Deregulation in the health care sector

8

0.101

5

Health care insurance products

8

0.101

6

Fostering 5G front-back industries

8

0.101

7

Smart health business

7

0.088

8

Promotion of regulation-free special zones for fostering new industries

7

0.088

9

Concerns over village doctors going bankrupt

6

0.075

10

Establishment of precision medicine–integrated platforms

5

0.063

11

Personnel expansion for permission review

5

0.063

12

Health care platform market

4

0.050

13

Medical information big data

4

0.050

14

Conditional introduction of untact treatment

4

0.050

15

Regulatory sandbox

4

0.050

16

Resolving the personnel shortage of the Ministry of Food and Drug Safety

4

0.050

17

Construction of bio big data

4

0.050

18

Implementation of remote multidisciplinary diagnosis of primary medical
institutions

4

0.050

19

Accelerating medical commercialization

4

0.050

20

Silver health care services

3

0.037

21

New drug development support

3

0.037

22

Medical Act amendment

3

0.037

23

Individual-led medical data activation

3

0.037

24

Activation of untact treatment

3

0.037

25

Health insurance fees for telemedicine

3

0.037

26

Judgment of whether the medical treatment is prompt

2

0.025

27

Blueprint of National Innovation Clusters

2

0.025

28

Probability prediction of diabetes and cardiovascular disease

2

0.025

29

Introduction of general digital norms

2

0.025

30

Silver robot expert

2

0.025

31

Need to expand public health services

2

0.025

32

Creation of funds dedicated to the regulation-free special zone

2

0.025

33

Expansion of untact health care services

2

0.025

34

Review for medical device cyber security permission

2

0.025

35

Smart care policy

2

0.025

36

Side effects of AI medical devices

1

0.012

37

Creation of jobs

1

0.012

38

Fostering small- and medium-sized ventures in new industries

1

0.012

39

AI real-time disease diagnosis and infection route prediction

1

0.012

40

Digital medicine

1

0.012

AI: artificial intelligence.
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Discussion
Principal Findings
As a result of network analysis on the digital health care
industry, the government and the Ministry of Health and Welfare
of Korea showed the highest centrality and were thus found to
be major stakeholders; the major issues they had in common
were review of telemedicine introduction, concerns over village
doctors going bankrupt, and establishment of precision
medicine–integrated platforms. Currently, the government is
temporarily allowing telemedicine to respond to the spread of
COVID-19, and intends to apply digital health care for remote
patient monitoring and disease treatment to cope with
insufficient medical demand. In addition, the issue of
telemedicine is related to not only government agencies,
including the National Assembly and Ministry of Science and
ICT; but also medical institutions such as Seoul National
University Hospital; and medical industry groups such as SK
Telecom, Asan Nanum Foundation, and the Korean Medical
Association.
In South Korea, telemedicine has been continuously discussed
since the doctor/health care provider pilot project in 2002, but
was not institutionalized due to the possibility of misdiagnosis,
concerns over village doctors going bankrupt owing to the
concentration of patients in large hospitals, and other related
issues. As the digital health care industry has developed owing
to the development of AI diagnosis technology, popularization
of smart devices, and expansion of the utilization of medical
data, the possibility of introducing telemedicine has also
increased, and citizens’ perception of telemedicine is changing
owing to COVID-19. Therefore, the government, industrial
sector, and medical care–related organizations should create
institutional measures that could support digital health care
through continuous discussions on the introduction of
telemedicine that can contribute to improving public health. In
particular, to prevent the concentration of large hospitals, which
is a concern of medical institutions, it seems that patient
convenience will improve, which could in turn improve the
quality of medical care if primary medical institutions treat
chronic diseases. Represcription of patients with mild conditions
and patient monitoring for disease prevention could be achieved
through the multidisciplinary treatment of primary medical
institutions and large hospitals by utilizing digital health care
products such as wearable devices. In this regard, an emergency
medical system that can provide optimal treatment by collecting
vital signs and images of patients in a severe emergency
condition using digital health care in real time is being applied
to the medical field.
Currently, there are only a few regional trauma and emergency
medical centers in South Korea located in county areas, with
the majority of such centers located in large cities such as Seoul
and Gyeonggi. For emergency and trauma patients, the time
required for treatment is important; thus, a balanced arrangement
between regions is required. Therefore, digital health care can
help to reduce the gap in medical infrastructure between rural
and urban areas to better treat and manage patients with severe
diseases. Expanding the functions of regional medical
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institutions by providing appropriate treatment for each
emergency patient is expected to lay the foundation for
expanding the utility of digital health care.
The major stakeholders of medical institutions and companies
were found to be Seoul National University Hospital, Kangbuk
Samsung Hospital, Ajou University Hospital, Samsung, and
Vuno Inc, and their main issues were accuracy of health care
AI technology and smart health business. Safety issues with
respect to the utilization of digital health care have been
constantly raised. Poor technical accuracy may lead to medical
accidents; therefore, institutional strategies must be established
in preparation of the possibility of misdiagnosis caused by
product defects. It is necessary to improve the performance of
digital health care products used for diagnosis and prescription,
and to train professional personnel to develop and use the
products appropriately. Furthermore, since data measurement
must be accurate so as to increase the accuracy of diagnosis, it
is judged thereby that periodic education for patients and
medical staff in using the product will be necessary. Meanwhile,
digital health care is an industry requiring medical information
and continuous clinical data; with the increase in the use of
digital health care, medical institutions are changing their
position from a consumer to a supplier. Accordingly, if digital
health care product development is accomplished through
industry-university collaboration, it will be possible to develop
safe digital health care products through continuously provided
data, and in turn establish a smart health care business that can
vitalize the industry.

Conclusion
This analysis confirmed that the major stakeholders in the digital
health care industry of South Korea are largely composed of
the government, medical institutions, and industrial companies,
and that the issues related to digital health care largely consist
of telemedicine, data, and health care business. We considered
that all government, medical institutions, and industrial
companies need to apply digital health care to the medical
system through telemedicine and health care business
establishment, and that cooperation is necessary among the
government, medical institutions, corporations, research
institutes, and related stakeholders. For practical cooperation,
efficient use of data between institutions is required. Currently,
medical data are stored in different ways between institutions,
and there is a limit to the use of these data as there is no
integrated management. Therefore, it is necessary to enable the
use of integrated medical data for the commercialization of
digital health care through standardized data linkage. This will
not only revitalize the digital health care industry but will also
lay the foundation for providing patient-tailored medical
services, enabling the realization of precision medicine.
Meanwhile, for digital health care products to be effectively
incorporated into the medical system, deregulation and the
preparation for health insurance fees are necessary; however,
there seems to be insufficient discussion on this aspect. The
Ministry of Health and Welfare, a key stakeholder in the digital
health care industry, is trying to vitalize the digital health care
industry by preparing telemedicine health insurance rates;
however, this analysis showed no connection of the Ministry
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with deregulation in the health care sector, the designation of
regulation-free special zones, and other related issues. To
vitalize the digital health care industry, it is necessary to expand
the usability of patients through deregulation in related fields
and application of health insurance fees; however, it seems that
there has been no substantial institutional improvement on these
aspects, as the discussion has mainly involved only government
agencies, civic groups, and interest groups belonging to the
related fields. Therefore, to promote the development of digital
health care as a national innovative growth engine and its
institutionalization, the development of a digital health care fee
model that can improve the regulatory system and enhance the
cost-effectiveness of patient treatment is essential, which will
need to be centered on the Ministry of Health and Welfare as a
key stakeholder. To revitalize the digital health care industry,
as a national strategic project, the regulatory paradigm should
be rationally established and centered on the market economy.
This is expected to have a positive impact on the development
of related industries by expanding into digital health care–related
software, the medical service industry, and the insurance

Park et al
industry in the future, and ultimately enable a
preventive-centered medical format through innovative medical
service provision.
There are some limitations of this study that should be
mentioned. Although newspaper articles have the advantage of
providing a large amount of information, including opinions
from various stakeholders on a specific topic, they also have a
limitation in presenting data reflecting the popular experience
on digital health care. Accordingly, future work exploring the
issues regarding the digital health care industry by subdividing
and analyzing data from SNS such as Twitter, blogs, and
Facebook could better reflect the direct experience of digital
health care and the views of the government, medical
institutions, companies, and general consumers. In addition, we
did not perform an analysis of the ecosystem according to the
change in digital health care technology. In future research, it
will be necessary to prepare a plan to provide digital health care
for each patient type by analyzing the ecosystem according to
technological change over time, which can help to identify
issues and the structure of technology.
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Abstract
A paradigm shift is underway in the patient-clinician relationship, driven by irreversible changes in information access, yet the
model under which clinicians are trained, care is conducted, and care delivery is designed has not changed significantly even
though we call it “patient centered.” Humanity endured centuries in which even doctors had little idea what the patient’s problem
really was. Science slowly solved that, and for a century, only doctors could know what was worth knowing. Today, the rise of
the internet and digital health has led to the end of that era. We are already witnessing early signs of the era of participatory health:
genuinely empowered people living their lives and managing their health according to their own priorities, in partnership and
consultation with physicians as needed. This may feel like a threat to the physician’s sacred role, but it is no more so than when
physicians adopted informed consent and then shared decision-making. In the 2010s, many pharmaceutical, medical, and health
care companies started to use patient centricity as a mantra. We argue that to drive this paradigm change fully into existence, we
need to shift “patient centricity” from a relatively passive process, driven by industry needs, into a far more active, collaborative
process driven by both parties’ needs and preferences. To build this new world of practice and workflow, we simply must engage
with patients as true partners. To achieve medicine’s new potential, it must be optimized around the wants and priorities of the
ultimate stakeholder—the party that has the most at stake in how it all plays out: the patient. Patient design is the approach that
can make it happen.
(J Med Internet Res 2022;24(8):e39178) doi:10.2196/39178
KEYWORDS
patient; patient design; user design; patient centric; patient focus; digital health; future; empowerment; involvement; participatory;
engagement; participation; patient centred; patient centered

The Short History of Patient
Empowerment
Health care has been going through a paradigm shift in the 21st
century, as per Thomas Kuhn’s 1962 classic, The Structure of
Scientific Revolutions [1]. Kuhn was an American philosopher
who was influential in both academic and popular circles,
introducing the term “paradigm shift.” His “blockbuster” book
claimed that sometimes a scientific field discovers it was wrong
about something important.
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Kuhn [1] wrote that “perhaps science does not develop by the
accumulation of individual discoveries and inventions,” but that
“discovery commences with the awareness of anomaly, i.e.,
with the recognition that nature has somehow violated the
paradigm-induced expectations that govern normal science.”
We are at the point of detecting such anomalies in health care.
For centuries, the dominant paradigm has been that patients do
not and cannot contribute to their care, especially medical
decisions concerning their case. However, as the ivory tower
of medicine started breaking down in the early 21st century,
empowered patients started bringing real value to their own
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cases, violating the paradigm-induced expectations that dictate
the culture of medicine [1].
Kuhn [1] wrote that when too many anomalies accumulate, a
field goes into crisis mode until a new paradigm is developed
and accepted. We assert that the current paradigm cannot explain
nor cope with the cluster of anomalies in which patients are
genuinely creating value in health care, and to ignore this is to
suboptimize health care in a way we can no longer afford.
Thus, this crisis stage has arrived, but as often happens, the
causes of the anomalies are poorly understood, which leads to
confusion. No new paradigm can arise, letting the field advance,
while confusion reigns. Here, we present those causes—the
factors that did not exist a generation ago, and now do:
•
•

•

•
•

Consumerism: the cultural willingness of consumers to
pursue their own priorities
Information liquidity brought by the internet, which
eradicated the belief that only people from the “priesthood”
could know certain facts
Advanced consumer health technologies putting
unprecedented knowledge in the hands of consumers who
had previously been uninformed
Global supply chains making it possible for new products
and technologies to reach patients worldwide
The rise of social media enabling peer-to-peer
communication among patients about needs and solutions

In truth, patient empowerment has been evolving for decades,
but information liquidity and access to technology made it
explode in this century—and become visible to the naked eye.
At the time of his death in 2006, “Doc Tom” Ferguson, MD,
was working on a white paper funded by the Robert Wood
Johnson Foundation, “e-Patients: How They Can Help Heal
Healthcare,” documenting what empowered and engaged
patients had been doing as far back as the 1980s. His colleagues
published the paper in 2007, and, in 2009, founded the Society
for Participatory Medicine [2].
The cultural transformation we call digital health represents this
paradigm shift and is a continuation of that vision [3].

The Practical Reality of Patient
Empowerment
Today, except for the commercial obstacle inserted by paywalls,
patients can have access to the same online health care resources,
studies, and data as medical professionals [4]. Empowered
patients want to get engaged in their health or disease
management. There are many examples of how patients take
their lives into their own hands. From joining patient
communities online to using a range of digital health sensors,
they bring new value to the table. In doing so, they violate the
paradigm’s cultural expectation that only doctors know anything
useful [5].
Empowered patients also put pressure on regulators. The
#WeAreNotWaiting movement is a community of patients with
diabetes taking disease management into their own hands by
organizing themselves and developing applications, platforms,
and other solutions to help each other beat their disease. They
https://www.jmir.org/2022/8/e39178
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even created the “DIY pancreas” software, which automatically
provides patients with the right doses of insulin based on their
blood glucose level [6]. The software was created entirely by
the patient community with no contribution from medical
professionals.
It should be noted that this OpenAPS (Open Artificial Pancreas
System) software is the second most-forked item on all of
GitHub (Microsoft Corp) because almost all patients tweak the
code to suit their own biological response. In other words, the
app is designed from the ground up to be fully configurable to
suit individual needs. This is the most advanced example of
patient design we have seen.
Patient scholars have published in prestigious medical journals
[7-9]. The #PatientsIncluded movement has led to involving
patients in medical events either as speakers or cohosts.
Governments such as that of New Zealand have started
developing digital health policies featuring empowered patients.
These examples further underscore that a more patient-inclusive
design approach is already emerging and will inevitably be the
norm. The only thing holding it back is cultural resistance, which
is why we say digital health is a cultural transformation.

The Rise of Patient Centricity and Patient
Design
In the 2010s, myriad pharmaceutical, medical, and health care
companies started to use patient centricity as a mantra. Each
claimed that their company is patient centric and thus ahead of
the others. Pharmaceutical company executives started making
“putting patients first” part of their slogans and internal
documents. A 2020 survey revealed that 85% of companies
were raising their investment in patient-centric capabilities over
the next 18 months [10].
Patients want more reliable and relatable health information
from the companies that make their medication, so this was an
obvious step forward for the industry. A 2019 survey indicated
that 76% of patients expect pharmaceutical organizations to
provide them with tools and support services [11].
At the same time, policy makers started adopting this theme
too. The US Food and Drug Administration (FDA) launched
the Patient Engagement Advisory Committee in 2017. The
committee provides advice to the FDA commissioner or
designee on complex issues relating to medical devices, the
regulation of devices, and their use by patients.

The Need for a New Level of Patient
Centricity: Patient Design
To drive this paradigm change fully into existence, we call for
changing patient centricity from a relatively passive process,
driven by industry needs, into a far more active, collaborative
process driven by both parties’ needs and preferences. In short,
it is no longer viable for patient centricity to mean, “We were
thinking about you while we made our decisions.”
From the patient’s perspective, patient centricity has been a
passive process since the inclusion of their opinion in the final
J Med Internet Res 2022 | vol. 24 | iss. 8 | e39178 | p.419
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design depends solely on those who invite the patient's opinion.
That approach may sound patient centric, but in this scenario,
patients’ voices literally have no power since all decisions are
still made by the project organizers. Sociologist Sherry Arnstein
bluntly called this tokenism [12].
In contrast to this, patient design means patients are involved
in the highest level of decision-making in the organization,
essentially having patients advise the chief executive officer of
a company or the head of a health care organization.
Patient design is a so-called “co-design” approach. Co-design
is defined as “a creative practice that can be used to improve
customer experience and enhance value” [13]. The approach
involves a wide range of people who are the experts of their
experience and therefore make creative contributions that come
from the perspective of the person who has the need. This is
only possible by admitting to ourselves that the cared-for person
just might know what they want and be well-informed! On what
basis would someone assert otherwise?

Meskó & deBronkart
The short-term benefits of such a co-design approach could
include:
•
•
•
•
•
•
•

More original ideas arising from more diverse perspectives
and priorities
Better achievement of consumer value (by incorporating
the voice of the person for whom the project exists)
Improved knowledge of patient needs
Immediate validation of ideas
More efficient decision-making
Reduced development time
Generally better cooperation between patients and
companies or organizations.

The long-term benefits of such a co-design approach could
include higher degrees of patient satisfaction, increased levels
of support and enthusiasm for innovation, and a better
relationship between patients and companies (Table 1).

Table 1. Comparison of patients’ role and power in token patient centricity versus patients as empowered design partners.
Token “patient centricity”

Patients as design partners

Involvement of patients

Passive; when asked by the power holders

Active at all times

Patients’ decision power

None; their opinions are sought but need not be heeded.
The system is free to continue not responding

Shared

Type of input provided by
patients

Share their opinions when invited

Actively influence design decisions, including what gets
worked on

Mode of involvement

Through surveys, questionnaires, and focus groups, all or- By sitting on project committees and advisory boards that
ganized by the power holders
set agendas

What level of decisionmaking patients influence

Any level within the organization

Real-life Practical Examples of How
Patient Designs Work
This social movement has already progressed to where examples
exist to illustrate the shift in thinking—the paradigm change.

Physical Products
For physical products, the Patient Innovation website [14] shares
innovations developed by patients. Some focus on a disease,
some are just for a symptom, while others enable a particular
activity. What they have in common is that they all feature
patient-centered thinking: they are expressions of what patients
want to improve.

Research
In research, patient voices are calling for researchers to change
priorities to match patients’ urgent needs. The father of a son
with suicide ideation told Dr Thomas Insel after a speech [15],
“Our house is on fire, and you’re telling us what you learned
about the chemistry of the paint.” The scientific literature may
contain volumes about “the paint,” but Insel realized “this gap
between our scientific progress and our public health failure.”
He left academia to pursue product development to solve
real-world problems.

The highest level of decision-making

The urgency articulated so powerfully by Insel’s audience
member precisely echoes the urgency of AIDS activists in the
last century who demanded that science respond more to
patients’ immediate needs, not just long-term science.
When the husband of Bettina Ryll, MD, PhD, was dying of
melanoma, she switched hats and observed the clinical trials
process as a family stakeholder and was incensed to discover
that researchers chose their work priorities without consulting
the people who were dying. Today, she advocates in Nature for
researchers to do just that [16].

Clinical Design
In clinical design, the Oral and Maxillofacial Surgery
Department of Radboud University Medical Centre Nijmegen
in the Netherlands redesigned the whole department’s rooms
based on advice from patients. This involved changes that
enabled a more balanced patient-physician relationship and a
comfortable atmosphere. They prioritized round tables over
square ones for more friendly conversations and suggested
brightly lit rooms with warm colors.
These examples merely illustrate how differently things can
play out when, in fact, the patient truly has agency in influencing
the nature of care.
While it may seem that we portray patient design in an almost
utopian manner, we must note that such transitions—like all
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cultural changes—are time-consuming and complicated. An
analogy is Title IX, a law introduced in the United States in
1972 that required schools to provide sports for girls, not just
boys. It took a generation before the US women’s soccer team
won the World Cup in 1991. A major consequence of an
incorrect paradigm is that if we do not let women onto the pitch
(or patients into the executive world), we have no chance of
discovering their actual suppressed potential.

Conclusion
We are at the end of the only period in history where physicians
knew important scientific facts and medical insights that patients
could not. For health care to achieve its potential in this new
era, our methods, along with our paradigm, must change.
Before 1900, medical practice mostly lacked any scientific basis.
Doctors were not even exposed to patients in medical school

Meskó & deBronkart
(patients were merely called “clinical material” in the Flexner
Report!). Yet by the end of the 20th century, the internet let
knowledge flow.
Now in the 21st century, a plethora of personal health devices
gives patients access to more information than their physicians
have. The possibility of true participatory medicine is on the
horizon—patients with increasing autonomy living their lives
according to their own priorities, in partnership and consultation
with physicians as needed.
To build this new world of practice and workflow, we simply
must engage with patients as true partners. To achieve
medicine’s new potential, it must be optimized around the wants
and priorities of the ultimate stakeholder—the party that has
the most at stake in how it all plays out: the patient. Patient
design is the approach that can make it happen.
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Abstract
Background: Efficacious mental health interventions for sexual and gender minority youth have had limited reach, given their
delivery as time-intensive, in-person sessions. Internet-based interventions may facilitate reach to sexual and gender minority
youth; however, there is little research examining their efficacy.
Objective: This study aims to describe the results of a pilot randomized controlled trial of imi, a web application designed to
improve mental health by supporting lesbian, gay, bisexual, transgender, queer, and other sexual and gender minority identity
affirmation, coping self-efficacy, and coping skill practice.
Methods: Sexual and gender minority youth (N=270) aged 13 to 19 (mean 16.5, SD 1.5) years and living in the United States
were recruited through Instagram advertisements. Approximately 78% (210/270) of the sample identified as racial or ethnic
minorities. Participants were randomized in a 1:1 fashion to the full imi intervention web application (treatment; 135/270, 50%)
or a resource page–only version of the imi site (control; 135/270, 50%). The imi application covered four topical areas: gender
identity; lesbian, gay, bisexual, transgender, queer, and other sexual and gender minority identity; stress and coping; and internalized
homophobia and transphobia. Participants explored these areas by engaging with informational resources, exercises, and peer
stories at a self-guided pace. Both arms were assessed via web-based surveys at baseline and 4-week follow-up for intervention
satisfaction, stress appraisals (ie, challenge, threat, and resource), coping skills (ie, instrumental support, positive reframing, and
planning), and mental health symptoms among other outcomes. Main intent-to-treat analyses compared the arms at week 4,
controlling for baseline values on each outcome.
Results: Survey retention was 90.4% (244/270) at week 4. Participants in the treatment arm reported greater satisfaction with
the intervention than participants in the control arm (t241=–2.98; P=.003). The treatment arm showed significantly greater
improvement in challenge appraisals (ie, belief in one’s coping abilities) than the control (Cohen d=0.26; P=.008). There were
no differences between the arms for threat (d=0.10; P=.37) or resource (d=0.15; P=.14) appraisals. The treatment arm showed
greater increases in coping skills than the control arm (instrumental support: d=0.24, P=.005; positive reframing: d=0.27, P=.02;
planning: d=0.26, P=.02). Mental health symptoms improved across both the treatment and control arms; however, there were
no differences between arms. Within the treatment arm, higher engagement with imi (≥5 sessions, >10 minutes, or >10 pages)
predicted greater improvement in stress appraisals (all P values <.05).

https://www.jmir.org/2022/8/e39094

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e39094 | p.423
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Bauermeister et al

Conclusions: The results provide initial evidence that asynchronous psychosocial interventions delivered via a web application
to sexual and gender minority youth can support their ability to cope with minority stress. Further research is needed to examine
the long-term effects of the imi application.
Trial Registration: ClinicalTrials.gov NCT05061966; https://clinicaltrials.gov/ct2/show/NCT05061966
(J Med Internet Res 2022;24(8):e39094) doi:10.2196/39094
KEYWORDS
lesbian, gay, bisexual, transgender, queer, and other sexual and gender minority; LGBTQ+; youth; adolescence; discrimination;
minority stress; mental health; resilience; sexual and gender minority; SGM; intersectionality

Introduction
Background
Compared with their cisgender, heterosexual peers, sexual and
gender minority (SGM) youth are at increased risk of
experiencing a wide variety of negative mental health outcomes
[1]. In a recent national surveillance survey conducted by the
Centers for Disease Control and Prevention, 55% of gay, lesbian,
or bisexual youth reported poor mental health during the prior
30 days. SGM youth were also twice as likely as their non–SGM
youth counterparts to report feeling sad or hopeless and nearly
3 times as likely to have considered attempting suicide [2].
These disparities may vary further by race and ethnicity. A 2021
national survey of SGM youth (aged 13-24 years) in the United
States sponsored by the Trevor Project found that racial and
ethnic minority SGM youth were more likely than White
non-Hispanic SGM youth to have seriously considered suicide
in the prior year [3]. Taken together, these data underscore the
need to address the well-being of diverse SGM youth
populations through innovative mental health interventions [4].
The minority stress model [5,6] provides a framework for
understanding the higher prevalence of psychological distress
and negative mental health outcomes for SGM youth, as well
as for identifying interventions to improve SGM individuals’
mental health [7]. The minority stress theory proposes that SGM
health disparities can be explained in large part by discrimination
from a hostile homophobic and transphobic culture, which
creates stressors unique to minority identity [8]. These stressors
include harassment, victimization, internalized homophobia
and transphobia, and expectations of rejection. These disparities
may be further compounded if individuals experience multiple
minority stressors because of having >1 minority identity (eg,
discrimination because of sexuality, gender, racial, and ethnic
identity) [9-12]. For instance, racial and ethnic minority SGM
youth may experience sexual or gender minority stress within
their racial and ethnic communities while also experiencing
racial and ethnic minority stress within lesbian, gay, bisexual,
transgender, queer, and other SGM (LGBTQ+) communities.
The transactional model of stress and coping [13] notes that
individuals’ ability to respond to stress and reduce its impact
on their well-being begins with an assessment of the stressor
(ie, primary appraisal) and their confidence and ability to
respond to the stressor (ie, secondary appraisal). Interventions
designed to target and transform appraisals of stress from that
of a threat to more of a challenge through cognitive and
behavioral coping strategies have been shown to support the
https://www.jmir.org/2022/8/e39094
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mental health and well-being of adolescents [14-16]. Efficacious
mental health interventions for SGM youth have focused on
providing resources that scaffold the ability of SGM youth to
perceive minority stressors as a challenge to be faced and
overcome rather than as a threat, including strengthening the
coping skills of SGM youth, affirming SGM identities, and
strengthening supportive social connections [17-19].
Although prior research suggests that face-to-face interventions
that include these components may improve the mental health
of SGM youth [20], the reach and scalability of these programs
have been challenging, given their time intensity and need for
synchronous interactions, which have become increasingly
difficult to coordinate amidst the COVID-19 pandemic [21,22].
At the same time, the need for scalable mental health resources
has become particularly acute in recent years. For example, data
from a large US survey of teenagers conducted by Common
Sense Media [23] indicated that the amount of time SGM youth
spent searching for mental health information on the web
substantially increased during the pandemic.
In recent years, technology-assisted interventions have been
posited to help decrease implementation challenges by serving
as supplemental strategies to face-to-face psychotherapy. For
example, Lucassen et al [24] found that their modular
computer-delivered cognitive behavioral therapy program was
feasible, acceptable, and effective in their pilot study with 21
sexual minority adolescents, aged 13 and 19 years, in New
Zealand. Other programs have sought to use web-based
interventions to circumvent barriers to accessing affirming
in-person services. For example, Craig et al [18] found that
SGM youth in Canada (N=46; age 14-29 years) who participated
in their 8-session, manualized, and synchronous pilot telehealth
group intervention found the program to be acceptable. Although
their design did not allow for randomization, preliminary
efficacy analyses noted improvements in stress appraisals,
cognitive and behavioral coping skills, and depressive
symptomatology in the web-based group program when
compared with youth in the wait-list control group. Taken
together, these findings are promising and highlight technology’s
potential as a modality to deliver mental health interventions
for SGM youth.
To date, there is limited research examining the efficacy of
web-based platforms for helping SGM youth cope with minority
stress asynchronously. For instance, in a pilot randomized trial,
Schwinn et al [25] found that their tailored, 3-session web-based
intervention resulted in decreases in perceived stress and
increases in coping and problem-solving skills when compared
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with youth in the control arm at a 3-month follow-up. Egan et
al [26] designed an innovative, web-accessible role-playing
game intervention. Although they found high acceptability for
their program among SGM youth participating in their
randomized trial, they did not observe any improvements at the
1- or 2-month follow-up across coping skills, depression and
anxiety symptoms, or knowledge and use of web resources.

engagement with the imi application (ie, counts of user sessions,
time spent, and the number of pages visited) predicted
improvement in primary and secondary outcomes.

Study Objectives

This pilot randomized controlled trial evaluated the acceptability
and initial efficacy of the imi application at the end of the
4-week active study period. Participants were randomly assigned
in a 1:1 fashion to receive either the imi application (treatment
arm) or a resource page–only version of the imi site called
“asterix,” which linked out to a series of LGBTQ+-specific
external mental health resources (resource-only control arm).
We collected survey data via web-based self-completed
Qualtrics surveys administered at baseline and at a 4-week
follow-up.

Although these findings suggest that SGM youth perceive
web-based asynchronous interventions to be acceptable, there
is a need to increase the empirical evidence base for the efficacy
of these interventions [27]. Moreover, the generalizability of
the aforementioned findings to racial and ethnic minority
populations has been constrained, given the limited
representation of these groups in prior research. Given the
current state of the science, this study sought to test the
acceptability and preliminary efficacy of an asynchronous web
application—imi—among a predominantly racial and ethnic
minority sample of SGM youth aged between 13 and 19 years
living in the United States. The imi application was designed
to facilitate SGM identity affirmation, promote a sense of
connectedness to the LGBTQ+ community, and encourage
cognitive and behavioral coping skill practice. In partnership
with a racially and ethnically diverse group of SGM youth, we
co-designed the imi application to be directly responsive to their
needs by leveraging the visual, aesthetic, and interactive
capacities of a web-based interface to deliver identity-affirming
experiences that could support the intervention’s engagement
and efficacy.
Our study had 4 main objectives. First, we examined the
acceptability of the imi application in a diverse sample of 270
SGM youth. Given our use of human-centered design principles
and the involvement of SGM youth in the design of the imi
application, we expected that participants randomized to receive
the imi application would report greater acceptability and
satisfaction than participants assigned to a resource-only version
of the imi application (the control arm), which did not contain
any of the newly created interactive coping and
identity-affirming content designed with LGBTQ+ youth.
Second, we examined the preliminary efficacy of the imi
application as a digital tool for increasing adaptive stress
appraisals among SGM youth (primary outcome). Given the
imi application’s focus on teaching cognitive and behavioral
coping skills, we hypothesized that participants assigned to
receive the imi application would be more likely to appraise
stress as a surmountable challenge and less likely to appraise
stress as threatening by the 4-week follow-up relative to the
control arm. Third, we examined the preliminary efficacy of
the imi application across five secondary outcomes related to
the mental health of SGM youth: cognitive and behavioral
coping skills, identity affirmation and connectedness to the
LGBTQ+ community, internalization of blame for minority
stress, sense of belonging, and anxiety and depression
symptoms. We predicted that the imi application would be more
likely to improve SGM youth’s outcomes across these domains
relative to the control arm. Finally, as exploratory analyses, we
examined participants’ engagement with the imi application
relative to the control arm. We also explored whether participant
https://www.jmir.org/2022/8/e39094
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Methods
Study Design

Ethics Approval
The University of Pennsylvania Institutional Review Board
approved all study procedures (protocol 849509), and the study
was registered on ClinicalTrials.gov (NCT05061966). A waiver
of parental consent was granted to ensure that youth who might
not yet be out to their parents or have less parental support, and
thus could benefit from an identity-affirming tool, could
participate in the study.

Participants and Recruitment
Participants were SGM youth recruited through Instagram
between October and November 2021. To be eligible for this
study, the youth had to (1) be aged 13 to 19 years (inclusive);
(2) identify as a sexual or gender minority; (3) reside within the
United States; (4) have English literacy; (5) have access to a
device with internet access, a web browser, and SMS text
messaging capabilities; and (6) be willing to participate in study
activities for 4 weeks.
A target sample size of 250 participants was selected to allow
for the detection of arm differences in week 4 outcomes, which
were medium to small in size or larger (Cohen d≥0.35) after
accounting for the potential loss of participants because of
attrition or noncompliance. These effect sizes are consistent
with those observed in previous research on digital mental health
tools for SGM youth [18,25].

Study Procedures
All study activities were conducted remotely, and web-based
screening and survey assessments were delivered through the
Qualtrics software. Prospective participants clicked on a paid
advertisement and completed a brief screening survey.
Individuals were emailed a link to the baseline survey, which
contained the informed consent form (Multimedia Appendix
1), and participants were given 2 weeks to complete the survey.
The baseline survey contained 8 of the same or similar questions
as were asked in the screener. Following the established best
practices for participant verification [28-30], the staff compared
each applicant’s screener and baseline data for these 8 questions,
in addition to the metadata (eg, IP addresses registered in the
United States, review of the time taken to complete the survey,
and answers in hidden “honey pot” fields). The study staff also
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manually checked all screeners that met basic eligibility criteria
to eliminate duplicate and fraudulent entries. If any significant
inconsistencies were identified, applicants were emailed and
asked to respond via email or phone to resolve the issue.
Once participants completed the baseline survey and passed the
verification procedure, they were considered to be enrolled in
the study. Enrolled participants were randomized in a 1:1 ratio
into the imi (treatment; received full intervention content) or
asterix (control; received pared-down resources-only version
of the imi application) arm. Within 1 business day of completing
the baseline survey, each participant was emailed a unique link
to the imi or asterix web application. Participants were
compensated with a US $30 Amazon e-gift card once they
registered for an account on imi or asterix. The informed consent
form encouraged participants to log into their digital resource
at least twice a week and informed them that the study team
would be able to track where they went within the web
application, what features they used, what content they saw,
and the duration of time they spent on the web application.
Depending on their communication preferences, participants
were emailed or texted every 7 days after enrollment to remind
them to use the web application. On day 28, participants were
sent a link to the follow-up survey, which they had 14 days to
complete. Once completed, they received a US $40 Amazon
e-gift card. Authors were not blind to participants’ conditions
during data collection or analysis; however, as all intervention
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activities were self-guided and all outcome measures were
self-assessed by participants, there was no interaction between
study staff and participants that could have led to response biases
on the part of participants because of demand characteristics.
No adverse events were reported during the trial.

Intervention Development Study Procedures
The imi application was built by Hopelab, a nonprofit social
innovation laboratory, in collaboration with CenterLink, an
international nonprofit organization and member-based
association of LGBTQ+ centers serving their local and regional
communities. Before launching the pilot trial, Hopelab
conducted formative work through interviews, focus groups,
co-design sessions, and surveys of SGM youth. The imi web
application content and visual elements were tailored based on
youth feedback and contributions. Screenshots containing
example content are presented in Figure 1. The core intervention
modules or “guides” in the imi application were designed based
on a review of the existing efficacious minority stress
interventions in the literature and honed through feedback with
scientific advisors during a 6-month iterative design phase. This
included extracting evidence-based exercises from the literature
to support key psychosocial targets (eg, cognitive and behavioral
coping skills and identity affirmation) that could be adapted to
a digital platform and prototyping digital “mini-interventions”
that would be further developed in the final imi application
content.
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Figure 1. CONSORT (Consolidated Standards for Reporting Trials) diagram.

Intervention Description

1.

Experimental Arm
imi is a web application designed to facilitate LGBTQ+ identity
affirmation, promote a feeling of connectedness to the LGBTQ+
community, and encourage cognitive and behavioral coping
skill practice (Multimedia Appendix 2). The name imi
(pronounced eye-me) is a nod to the idea that no matter who
you are, you are you (ie, “I’m me”). The logo, designed as an
ambigram that can be read in many orientations, represents the
belief that even as one changes and evolves, they are exactly as
they are. The imi application delivers fully automated
information and skill practice across guides covering four
content areas: (1) gender identity exploration (the gender guide),
(2) sexual orientation and broader LGBTQ+ identity exploration
(the queerness guide), (3) stress and coping (the stress guide),
and (4) internalized homophobia and transphobia (the stigma
guide). Examples of each guide’s goals and sample activities
are as follows:

https://www.jmir.org/2022/8/e39094

XSL• FO
RenderX

2.

3.

4.

The gender guide allows youth to explore and affirm their
gender identity and expression. For example, one activity
uses a chat interface that allows users to experiment with
different names and pronouns that fit their gender identity.
The queerness guide encourages youth to examine their
LGBTQ+ identity through an intersectional lens and reflect
upon what queerness means to them. For instance, one
activity provides examples of the ways other LGBTQ+
youth define their queerness and guides the user through
the creation of their own definition.
The stress guide provides psychoeducation on LGBTQ+
sources of minority stress (eg, discrimination, prejudice,
and microaggressions) and teaches cognitive and behavioral
coping skills through activities such as guided breathing,
positive reframing exercises, and social support resources.
Users are encouraged to select coping skills that work for
them most effectively.
The stigma guide explains how negative and stereotypical
messages become internalized and encourages users to
examine and challenge their own internalized homophobia
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and transphobia. For example, one activity scaffolds users
in developing a personalized affirmation to help them
combat negative self-talk.
Each of the four guides comprises four types of content: (1)
learning segments, (2) activities, (3) community content, and
(4) external resources. Learning segments provide information
about LGBTQ+ relevant vocabulary (eg, pronouns and
commonly used terms for sexual and gender identity), queer
history, and psychoeducation on minority stress and internalized
stigma. Activities include interactive exercises, such as chat
interfaces, drawing activities, and guided relaxation and
mindfulness practices. Community content includes video,
audio, and written stories and images of LGBTQ+ youth.
External resources connect youth to externally linked content
designed for LGBTQ+ youth, such as the Trevor Project and
the Gay, Lesbian, and Straight Education Network’s coming
out guides.

Both Arms
Participants in both arms received access to resource webpages
that linked to freely accessible, preexisting crisis and noncrisis
resources. Crisis resources included the National Suicide
Prevention Lifeline, as well as resources specific to LGBTQ+
youth, such as TrevorChat. The noncrisis resources included
moderated social networking and web-based chat spaces (eg,
TrevorSpace and Q Chat Space), local LGBTQ+ centers (eg,
CenterLink’s center-finder tool), self-guided web resources (eg,
The “It Gets Better Project”), databases of LGBTQ+-affirming
therapists (eg, Gaylista), and a guide to free digital mental health
tools (One Mind PsyberGuide). The resource section also
contains safer browsing tips, which provide web-based privacy
and safety advice specific to LGBTQ+ youth.
The control arm only received access to the resource webpages
described previously and did not have access to any of the other
content in the imi application. This pared-down, resources-only
version of the imi site that was provided to the control group
was named asterix This control allowed for a test of whether
the learning, interactive, and community content of imi guides
had benefits above and beyond any benefit that might be derived
from simply having a curated, unified access point for existing,
freely available web-based resources for SGM youth.
Participants in both arms were instructed to try to visit their
respective web applications at least twice a week during the
4-week active trial period but could engage with the content
available to them however they wished, in any order, at their
discretion. On the basis of their preferences, participants
received either weekly texts or emails reminding them to log
into their web application.

Measures
Primary Outcomes: Stress Appraisals
The Stress Appraisal Measure for Adolescents [15] captures
stress appraisals across 3 dimensions (challenge, threat, and
resources). The 3-item Challenge subscale assesses perceptions
of stress as a surmountable challenge (Cronbach α=.67). The
7-item Threat subscale measures perceptions of stress as having
lasting, negative repercussions (α=.83). The 3-item Resources
https://www.jmir.org/2022/8/e39094
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subscale assesses the belief that one has the necessary internal
and external resources to cope with stress (α=.81). Responses
to all items are recorded on a 5-point scale (1=strongly disagree
to 5=strongly agree). A mean score was computed for each
subscale, with higher values indicating greater endorsement of
each respective stress appraisal.

Secondary Outcomes
Cognitive and Behavioral Coping Skills
Participants’ use of specific cognitive and behavioral coping
skills were measured with items adapted from the brief 2-item
Coping Orientation to Problems Experienced (COPE) inventory
by Carver [31], specifically the self-distraction (α=.46), active
coping (α=.70), emotional support (α=.79), instrumental support
(α=.78), venting (α=.66), positive reframing (α=.61), planning
(α=.71), acceptance (α=.65), self-blame (α=.79), substance use
(α=.96), and behavioral disengagement (α=.75) subscales.
Instructions were modified such that participants indicated how
they had been coping with stress in their lives over the past 2
weeks on a 4-point scale (1=“I haven’t been doing this at all”
to 4=“I’ve been doing this a lot”). A mean score was computed
for each subscale, with higher values indicating greater use of
that respective strategy.
Positive LGBTQ+ Identity
Two 5-item subscales from the Lesbian, Gay, and Bisexual
(LGB) Positive Identity Measure [32] were used to measure
positive LGBTQ+ identity factors. The first subscale, the
authenticity subscale (α=.87), measured comfort with one’s
own LGBTQ+ identity (eg, “I am honest with myself about my
LGBTQ+ identity”). The second subscale, the community
subscale (α=.87), measured a sense of connection to the broader
LGBTQ+ community (eg, “I feel supported by the LGBTQ+
community”). Items were modified from LGB to LGBTQ+ to
be inclusive of a range of SGM identities. Participants responded
on a 7-point scale (1=strongly disagree to 7=strongly agree),
and a mean score was computed for each subscale, with higher
scores indicating greater authenticity and connection,
respectively.
Internalization of Blame for Minority Stress
The 5-item Coping with Discrimination Scale–Internalization
subscale [33] assesses the tendency to blame oneself for
instances of SGM-related discrimination (eg, “I tend to wonder
if I did something to offend the others involved”). Participants
responded on a 6-point scale (1=never to 6=always), and
positively worded items were reverse coded. We computed a
mean internalization score, where higher scores indicate greater
internalization of blame for minority stress (α=.84).
Sense of Belonging
A 5-item version of the Thwarted Belongingness subscale of
the Interpersonal Needs Questionnaire [34] was used to measure
perceived belonging. Participants responded to the items (eg,
“These days, I feel disconnected from other people.”) on a
7-point scale (1=not at all true” to 7=very true for me).
Positively worded items were reverse coded. We computed a
sum score ranging from 5 to 35, where higher scores indicate
a lack of sense of belonging (α=.81).
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Anxiety and Depression Symptoms
The 7-item General Anxiety Disorder Scale [35] was used to
examine symptoms of anxiety (eg, “Feeling nervous, anxious,
or on edge”), and the 8-item Patient Health Questionnaire [36]
was used to assess depressive symptoms (eg, “Feeling tired or
having little energy”). These brief clinical measures have been
used to screen for generalized anxiety and depression across a
wide range of populations, including adolescents [37-39]. For
both measures, participants rated the frequency of their
symptoms over the past 2 weeks using a 4-point scale (0=not
at all to 3=nearly every day). Items were summed to compute
total scores for each construct, with higher scores indicating
greater symptoms of anxiety and depression, respectively
(General Anxiety Disorder-7 α=.88; Patient Health
Questionnaire-8 α=.83).

Intervention Acceptability and Satisfaction
Participants rated the acceptability and their satisfaction with
the imi and asterix applications at the 4-week follow-up. A
modified version of the LGBTQ Appropriateness Scale [40]
was used to assess the perceived relevancy and appropriateness
of the web resources to SGM youth (eg, “This product appears
to be relevant to people who identify as LGBTQ+”) using a
7-point scale (1=strongly disagree to 7=strongly agree). These
questions were tailored for each web application’s features; we
asked 12 items for the treatment arm (α=.91) and 9 items for
the control arm (α=.86). Items were averaged, with a higher
score indicating greater perceived appropriateness.
A measure of intervention satisfaction and suggestions for
improvement created for this study were also included. The
measure comprises a multiple-choice question (eg, “How would
you rate your overall experience of this product?”; 1=very bad
to 7=excellent) that was analyzed as a continuous variable and
free-text responses (eg, “How could this product be more helpful
to you?” [text box]).
A net promoter score (NPS; eg, “How likely would you be to
recommend [imi/asterix] to a LGBTQ+ friend?”) was
administered to further assess the perceived value of the
interventions. Respondents answered on an 11-point scale (0=not
at all likely to 10=extremely likely). Following established
industry conventions for NPS, responses were recoded such
that respondents who selected 9 or 10 were categorized as
“Promoters,” those selecting 7 or 8 as “Passives,” and all others
as “Detractors.”

Web Application Engagement
Participants’ actions in the imi and asterix applications were
collected as paradata over the trial period. Each participant was
provided with a unique link to their respective intervention.
This link embedded participants’ study IDs as metadata within
their individual accounts, allowing us to track how much time
each participant spent in their web application, which pages
they viewed, and which links they clicked. These paradata were
transformed to characterize the amount, frequency, duration,
and depth of engagement with the web-based intervention [41].
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counted whenever there was a period of activity within the app,
with a participant having the same session ID until they had a
period of ≥15 minutes or more of inactivity with the application.
We derived the variable number of sessions by counting the
number of discrete sessions in which the participant engaged
during the 4-week active trial period.
To measure time spent on the intervention, we tracked the
number of minutes and seconds participants spent logged into
their respective web resources during the active trial period.
Each time a participant visited a page within the app, there was
a record of their activity. We derived the variable number of
unique pages viewed by summing the number of distinct pages
a participant visited during the active trial period. Finally, each
time a participant clicked on a link, a unique record of the click
was generated. We summed the number of unique external links
a participant clicked on during the active trial period to derive
this value.

Analytic Strategy
Overview
Descriptive analyses were conducted to summarize demographic
characteristics among the study arms at baseline. Preliminary
analyses tested baseline equivalence between the study arms
on demographics, assessment of attrition, and differential
attrition by study arm. We used SAS (version 9.4; SAS Institute)
to conduct all analyses.

Intervention Acceptability
To test the interventions’ acceptability, we compared
participants’ ratings of the 2 web resources (eg, intervention
satisfaction and NPSs) using chi-square tests for categorical
variables and Student t tests for continuous variables. Within
the treatment arm, open-ended feedback was coded by 2 coders
using rapid qualitative analysis methods [42]. Core questions
guiding the coding included “What did you find most helpful
about imi?” and “If you could change anything about imi or the
guides in it, what would you change and why?” Quotes were
chosen to illustrate salient themes.

Preliminary Efficacy
Analyses of all primary and secondary outcome variables were
performed using an intention-to-treat approach, which included
all available data from participants randomly assigned to the 2
arms, regardless of whether participants created an account
within their respective web resources. Our primary efficacy
analysis sought to examine whether there were differences in
our primary and secondary outcomes between the 2 arms. We
used linear regression to test the main effect of arm (treatment=1
vs control=0) on week 4 outcomes, adjusting for the baseline
value of each respective outcome as a covariate. Recognizing
that we were testing 2 versions of a web application (the
resource-only version of imi called asterix and the full
interactive imi intervention), we also tested for changes over
time within each web application. For these within-arm analyses,
we examined the mean changes from baseline to follow-up
using paired t tests.

In this study, we derived four paradata metrics: (1) counts of
user sessions, (2) time spent on each intervention, (3) the number
of pages visited, and (4) external links clicked. Sessions were
https://www.jmir.org/2022/8/e39094
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Engagement
Given the absence of standardized and generalizable threshold
indicators to suggest adequate engagement across digital health
interventions, we adopted an exploratory approach to the
analysis of these data and created thresholds to define
participants’ engagement with the intervention. After examining
the distribution of the engagement data, we selected the
following to define thresholds of use: ≥4 sessions, ≥10 minutes,
≥10 unique pages viewed, and ≥1 external link clicked. Given
the high bivariate correlations between these indicators of
engagement (Spearman ρ>0.65), as well as the exploratory
nature of these analyses, we compared each engagement
indicator separately by study arm using chi-square tests. Of
note, treating the nonnormal data as continuous (with and
without transformation of these data) yielded similar results.
Finally, we explored whether reaching these thresholds of use
within the imi arm predicted differential gains across primary
and secondary outcomes. We focused these analyses on three
indicators capturing participants’ engagement within imi: time
spent on site, number of sessions completed, and number of
pages viewed, which captured the depth of participant
engagement with that content which was unique to the treatment
arm. We ran separate regression models because of the high
multicollinearity among engagement metrics and the importance
of examining the different scopes of paradata (eg, the amount,
frequency, duration, and depth of engagement). All models
accounted for the baseline value of each respective outcome as
a covariate.

Results
Screening and Enrollment
Of the 1580 individuals who completed the screening survey,
923 (58.4%) met all inclusion criteria and passed the duplicate
and fraudulent entry checks (Multimedia Appendix 3). From
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this pool of 923 eligible participants, racial, ethnic, and gender
minority youth were selectively invited to access the baseline
survey to achieve a diverse participant pool.
We invited 488 participants in total to complete the baseline
survey to ensure that the target enrollment of 250 participants
would be reached, with the expectation that not all participants
who expressed interest in participating would respond to further
outreach or pass identity verification checks.
Of the 488 participants who were invited to complete the
baseline survey, 162 (33.2%) failed to do so within the 2-week
window, and another 56 (11.5%) participants did not pass the
participant verification procedure (ie, there were discrepancies
between information entered on screener and baseline surveys);
thus, in total, 270 (55.3%) participants completed the baseline
survey and were enrolled in the study.

Sample Characteristics
Participants had a mean age of 16.49 (SD 1.49) years. Most of
the participants resided in a metropolitan area, with the majority
residing in the Southern or Western regions of the United States.
A large proportion of participants identified with multiple races,
gender identities, and sexual orientations. To represent the
diversity and heterogeneity of the sample, we report these
variables in a nonmutually exclusive fashion in Table 1. The
sample was racially and ethnically diverse, with 77.8%
(210/270) of participants identifying as racial or ethnic
minorities. Similarly, 41.9% (113/270) and 39.6% (107/270)
of the sample identified with multiple gender identities and
sexual orientations, respectively. Nonbinary (94/270, 34.8%)
and bisexual (96/270, 35.6%) were the response options selected
most frequently. Participants expressed various levels of outness
about their sexual orientation, with 26.3% (71/270) of
participants noting that they were completely or mostly in the
closet, whereas 39.3% (106/270) were mostly or fully out.
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Table 1. Sociodemographic characteristics by study arm (N=270).
Characteristics

All (N=270)

Control (n=135)

Intervention (n=135)

Age (years), mean (SD)

16.49 (1.49)

16.42 (1.51)

16.56 (1.46)

Metropolitan

249 (92.2)

126 (93.3)

123 (91.1)

Micropolitan

14 (5.2)

7 (5.2)

7 (5.2)

Small town

4 (1.5)

1 (0.7)

3 (2.2)

Rural areas

3 (1.1)

1 (0.7)

2 (1.5)

Northeast

37 (13.7)

16 (11.9)

21 (15.6)

Midwest

53 (19.6)

29 (21.5)

24 (17.8)

South

93 (34.4)

46 (34.1)

47 (34.8)

West

87 (32.2)

44 (32.6)

43 (31.9)

Kindergarten to 5th grade

3 (1.1)

2 (1.5)

1 (0.7)

6th to 8th grade

98 (36.3)

48 (35.6)

50 (37)

9th to 11th grade

100 (37)

51 (37.8)

49 (36.3)

High school diploma or equivalent

52 (19.3)

26 (19.3)

26 (19.3)

Some postsecondary education

17 (6.3)

8 (5.9)

9 (6.7)

Wealthy

1 (0.4)

1 (0.7)

0 (0)

Upper-middle class

43 (15.9)

18 (13.3)

25 (18.5)

Middle class

119 (44.1)

57 (42.2)

62 (45.9)

Working class

61 (22.6)

33 (24.4)

28 (20.7)

Low income or poor

31 (11.5)

19 (14.1)

12 (8.9)

I prefer not to respond

15 (5.6)

7 (5.2)

8 (5.9)

Male

61 (22.6)

32 (23.7)

29 (21.5)

Female

209 (77.4)

103 (76.3)

106 (78.5)

Living with parent, parents, guardian, or guardians

222 (82.2)

109 (80.7)

113 (83.7)

Other

48 (17.8)

26 (19.3)

22 (16.3)

American Indian or Alaska Native

14 (5.2)

10 (7.4)

4 (3)

Asian

68 (25.2)

33 (24.4)

35 (25.9)

Black or African American

64 (23.7)

29 (21.5)

35 (25.9)

Hispanic or Latinx

73 (27)

42 (31.1)

31 (23)

Middle Eastern or North African

9 (3.3)

7 (5.2)

2 (1.5)

Native Hawaiian or other Pacific Islander

2 (0.7)

1 (0.7)

1 (0.7)

White or Caucasian

130 (48.2)

64 (47.4)

66 (48.9)

Other

9 (3.3)

4 (3)

5 (3.7)

60 (22.2)

28 (20.7)

32 (23.7)

Geographic region, n (%)

Census region, n (%)

Educationa, n (%)

Subjective SESb, n (%)

Sex at birth, n (%)

Living status, n (%)

Race and ethnicityc (total count), n (%)

Racial or ethnic minority, n (%)
Exclusive identifying as non-Hispanic White
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All (N=270)

Control (n=135)

Intervention (n=135)

210 (77.8)

107 (79.3)

103 (76.3)

Agender

6 (2.2)

2 (1.5)

4 (3)

Cisgender man

28 (10.4)

15 (11.1)

13 (9.6)

Cisgender woman

43 (15.9)

25 (18.5)

18 (13.3)

Genderqueer

44 (16.3)

22 (16.3)

22 (16.3)

Man

41 (15.2)

13 (9.6)

28 (20.7)

Woman

41 (15.2)

21 (15.6)

20 (14.8)

Nonbinary

94 (34.8)

51 (38.8)

43 (31.9)

Transgender man

50 (18.5)

21 (15.7)

29 (21.5)

Transgender woman

8 (3.0)

5 (3.7)

3 (2.2)

Other

30 (11.1)

13 (9.6)

17 (12.6)

Not questioning

218 (80.7)

107 (79.3)

111 (82.2)

Questioning

52 (19.3)

28 (20.7)

24 (17.8)

Multiple identities

113 (41.9)

56 (41.5)

57 (42.2)

Single identity

157 (58.1)

79 (58.5)

78 (57.8)

Asexual

42 (15.6)

16 (11.9)

26 (19.3)

Bisexual

96 (35.6)

48 (35.6)

48 (35.6)

Gay

47 (17.4)

27 (20)

20 (14.8)

Lesbian

47 (17.4)

23 (17)

24 (17.8)

Pansexual

40 (14.8)

21 (15.6)

19 (14.1)

Queer

73 (27)

40 (29.6)

33 (24.4)

Straight or heterosexual

4 (1.5)

1 (0.7)

3 (2.2)

Other

21 (7.8)

8 (5.9)

13 (9.6)

Not questioning

225 (83.3)

110 (81.5)

115 (85.2)

Questioning

45 (16.7)

25 (18.5)

20 (14.8)

Multiple identities

107 (39.6)

54 (40)

53 (39.3)

Single identity

163 (60.4)

81 (60)

82 (60.7)

Definitely in the closet

24 (8.9)

12 (8.9)

12 (8.9)

In the closet most of the time

47 (17.4)

19 (14.1)

28 (20.7)

Half in the closet, half out of the closet

93 (34.4)

51 (37.8)

42 (31.1)

Out of the closet most of the time

76 (28.2)

33 (24.4)

43 (31.9)

Completely out of the closet

30 (11.1)

20 (14.8)

10 (7.4)

Identifying as racial or ethnic minority
Gender identityc (total count), n (%)

Gender identity, n (%)

Multiple gender identities, n (%)

Sexual orientationc (total count), n (%)

Sexual orientation, n (%)

Multiple sexual orientations, n (%)

Outness, n (%)

a

The highest level of education completed.

b

SES: socioeconomic status.

c

Nonmutually exclusive categories; participants were allowed to select all that apply.
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Baseline Equivalence, Attrition, and Differential
Attrition
Randomization resulted in baseline equivalence between the
treatment and control arms on all demographics, primary and
secondary outcomes. Our survey retention rate at the 4-week
follow-up was 90.4% (244/270). In attrition analyses, comparing
those who completed the follow-up survey (244/270, 90.4%)
with those who did not (26/270, 9.6%), we found no significant
condition differences in attrition linked to demographic
characteristics or baseline scores on primary or secondary
outcomes. Collapsing across the arms, participants who did not
complete the follow-up survey were more likely to be younger
(mean 15.42, SD 1.53 years vs mean 16.60, SD 1.44 years;
2-tailed t268=–3.95; P<.001) and reported fewer cognitive and
behavioral coping skills at baseline (Multimedia Appendix 4;
all P values <.01).

Intervention Acceptability
Participants perceived the content of the intervention as
appropriate to LGBTQ+ individuals, both in the treatment (mean
6.01, SD 0.85) and control arm (mean 5.85, SD 0.83; t241=–1.45;
P=.15). Participants in the treatment arm rated their overall
experience with the imi application (mean 6.01, SD 1.06) more
positively than participants in the control arm (mean 5.59, SD
1.14; t241=–2.98; P=.003) and were also more likely to report
that they would recommend the imi application to a friend
(“Detractors” treatment: 26/121, 21.5%; “Detractors” control:
45/121, 37.2%; χ22=8.9; P=.01).
When asked what they liked and found most useful about the
imi application, participants remarked on the benefits of hearing
the stories and seeing the images of other LGBTQ+ youth:
I liked being able to read other queer folks’
stories—no matter how many friends I have, it’s
always nice to hear about other people with
experiences or identities similar to my own and learn
from what they’ve done.
Additional themes included being taught concrete strategies for
managing stress and engaging with the activities (eg, the
interactive chats and questionnaires) that encouraged identity
exploration:
It gave lots of suggestions for stress relief, so I could
focus on tackling stress myself. I don’t like turning to
other people for help that much, so the self-aspect of
it was helpful.
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I really liked the activities—especially the one where
I got to test out a new name. It made me feel seen.
When asked what they would change or improve about the imi
application, participants expressed a desire for more content
and content on additional topics:
I’d add more content, the content is slightly lacking
for now.
I would also add a relationship section. Being in a
relationship as a person in the LGBT community,
there is a great need for knowledge on having thriving
romantic, sexual, and even platonic relationships
They also expressed interest in the addition of social networking
and other interactive features:
I’d like to be able to interact with more people, not
just the automatic responses...
It would be cool if imi could track your location and
find support groups in my area or a group chat to
join with fellow lgbt people my age.
Another common critique was that the imi application felt
tailored to youth beginning to explore their identities and less
suitable for those who are already more affirmed:
I believe this resource is excellent for someone part
of the LGBT community who is questioning themselves
and actively needs help or would benefit from it. If
you’re already out of the closet and comfortable with
who you are, it may not be very beneficial.

Preliminary Efficacy of the Intervention
Primary Outcome: Stress Appraisals
Stress appraisal improved over time across both arms. The
treatment arm experienced significant improvements in
challenge (t121=4.51; P<.001), threat (t121=–2.73; P=.007) and
resource appraisals (t121=4.24; P<.001) from baseline to the end
of the follow-up. The control arm also showed improvements
in challenge (t121=1.96; P=.052) and resource appraisals
(t121=2.83; P=.005; Table 2).
Controlling for baseline scores (Table 3), the treatment arm
reported significantly higher challenge appraisals at follow-up
than the control arm (Cohen d=0.25; coefficient for treatment
arm b=0.26; P=.008). We did not observe a difference between
the study arms for threat appraisals (d=0.10; b=–0.06; P=.37)
or resource appraisals (d=0.15; b=0.14; P=.14).

J Med Internet Res 2022 | vol. 24 | iss. 8 | e39094 | p.433
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Bauermeister et al

Table 2. Within-arm changes in primary and secondary outcomes from baseline to the 4-week follow-up (N=244).
Outcomes

Control

Intervention

Baseline
(n=135),
mean (SD)

Follow-up
(n=122),
mean (SD)

t test (df)

P valuea Baseline
(n=135),
mean (SD)

Follow-up,
(n=122),
mean (SD)

t test (df)

P valuea

Challenge

3.15 (0.88)

3.32 (0.93)

1.96 (121)

.052

3.30 (0.77)

3.64 (0.85)

4.51 (121)

<.001

Threat

4.03 (0.72)

3.92 (0.69)

–1.79 (121)

.08

3.99 (0.73)

3.85 (0.77)

–2.73 (121)

.007

Resource

3.42 (1.00)

3.67 (0.90)

2.83 (121)

.005

3.46 (0.98)

3.83 (0.92)

4.24 (121)

<.001

Primary outcomes
Stress appraisals

Secondary outcomes
Cognitive and behavioral coping skills
Self-distraction

3.20 (0.72)

3.23 (0.65)

0.25 (121)

.80

3.29 (0.70)

3.23 (0.65)

–1.33 (121)

.19

Active coping

2.46 (0.82)

2.47 (0.72)

0.22 (121)

.83

2.46 (0.78)

2.65 (0.84)

1.80 (121)

.06

Emotional support

2.31 (0.86)

2.43 (0.94)

1.88 (121)

.06

2.41 (0.89)

2.59 (0.94)

2.30 (121)

.02

Instrumental support

2.27 (0.86)

2.30 (0.87)

0.65 (121)

.52

2.32 (0.95)

2.64 (0.90)

3.15 (121)

.002

Venting

2.43 (0.83)

2.42 (0.82)

0.53 (121)

.57

2.43 (0.83)

2.48 (0.86)

0.91 (121)

.36

Positive reframing

2.22 (0.88)

2.25 (0.78)

0.17 (121)

.87

2.23 (0.82)

2.45 (0.86)

2.98 (121)

.003

Planning

2.57 (0.85)

2.56 (0.86)

–0.24 (121)

.81

2.59 (0.96)

2.79 (0.83)

2.80 (121)

.006

Acceptance

2.79 (0.82)

2.73 (0.77)

–1.13 (121)

.26

2.78 (0.79)

2.87 (0.77)

0.70 (121)

.49

Self-blame

3.04 (0.88)

2.76 (0.88)

–3.73 (121)

.003

3.07 (0.92)

2.91 (0.87)

–1.71 (121)

.09

Substance use

1.42 (0.81)

1.38 (0.78)

–1.16 (121)

.25

1.27 (0.69)

1.33 (0.74)

0.63 (121)

.53

Behavioral disengagement

2.16 (0.84)

1.99 (0.82)

–1.67 (121)

.10

2.13 (0.90)

2.01 (0.80)

–1.26 (121)

.21

Authenticity

5.06 (1.38)

5.08 (1.30)

0.20 (121)

.84

5.04 (1.38)

5.10 (1.33)

1.17 (121)

.24

LGBTQ+ community

4.94 (1.35)

4.97 (1.18)

0.47 (121)

.64

4.69 (1.36)

4.82 (1.23)

1.44 (121)

.15

3.21 (1.24)

2.94 (1.23)

–1.97 (121)

.051

3.29 (1.25)

3.19 (1.27)

–0.79 (121)

.43

19.58 (6.12)

18.21 (6.24)

–2.53 (121)

.01

18.83 (6.29)

17.15 (6.99)

–3.53 (121)

<.001

Positive LGBTQ+b identity

Internationalization of minority stress
Internalization
Sense of belonging
Thwarted belongingness

Anxiety and depression symptoms

a

Anxietyc

11.53 (5.31)

10.30 (5.78)

–2.55 (121)

.01

11.74 (5.44)

9.92 (5.56)

–4.42 (121)

<.001

Depressionc

12.40 (5.97)

11.45 (5.75)

–2.59 (121)

.01

13.00 (5.31)

11.61 (5.95)

–3.33 (121)

.001

Paired t test.

b

LGBTQ+: lesbian, gay, bisexual, transgender, queer, and other sexual and gender minority.

c

Considered as continuous variables in the analyses.
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Table 3. Between-arm differences in week 4 primary and secondary outcomes (N=244).
Outcomes

Cohen d

Modeling differences by arma
Coefficients

P value

Primary outcomes
Stress appraisals
Challenge

0.25

0.26

.008

Threat

0.1

–0.06

.37

Resource

0.15

0.15

.14

Self-distraction

0.15

–0.04

.62

Active coping

0.16

0.17

.07

Emotional support

0.04

0.09

.37

Instrumental support

0.24

0.29

.005

Venting

0.03

0.05

.63

Positive reframing

0.27

0.22

.02

Planning

0.26

0.23

.02

Acceptance

0.17

0.14

.13

Self-blame

0.13

0.13

.18

Substance use

0.16

0.05

.55

0.02

0.02

.86

Authenticity

0.09

0.06

.57

LGBTQ+ community

0.09

–0.002

.99

0.07

0.15

.29

0.08

–0.64

.34

Anxietyc

0.14

–0.55

.31

Depressionc

0.07

–0.17

.74

Secondary outcomes
Cognitive and behavioral coping skills

Behavioral disengagement
b

Positive LGBTQ+ identity

Internationalization of minority stress
Internalization
Sense of belonging
Thwarted belongingness
Anxiety and depression symptoms

a

The effect of study arm (imi vs asterix) on the outcome at follow-up controlling for the outcome at baseline.

b

LGBTQ+: lesbian, gay, bisexual, transgender, queer, and other sexual and gender minority.

c

Considered as continuous variables in the analyses.

Secondary Outcomes

observed no other changes over time in the other COPE
subscales within the control arm.

Cognitive and Behavioral Coping Skills
At the 4-week follow-up, the treatment arm showed significant
improvements in emotional support (t121=2.30; P=.02),
instrumental support (t121=3.15; P=.002), positive reframing
(t121=2.98; P=.003), and planning to cope (t121=2.80; P=.006).
We observed no other changes over time in the other COPE
subscales within the treatment arm. The control arm had
significant reductions in self-blame (t121=–3.73; P=.003). We

The effect of the intervention on cognitive and behavioral coping
skills was greater among the treatment arm than the control arm
(instrumental support: d=0.24, b=0.29, P=.005; positive
reframing: d=0.27, b=0.22, P=.02; planning: d=0.26, b=0.23,
P=.02). However, we observed no differences in emotional
support (d=0.04; b=0.09; P=.37) or self-blame (d=0.13; b=0.13;
P=.18) between the arms. We observed no other differences
between the arms in the COPE subscales.
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Positive LGBTQ+ Identity
We did not observe any significant changes over time in the
authenticity or the community subscales of the LGB Positive
Identity Measure in either arm, nor did we observe differences
in improvements between the arms.
Internalization of Blame for Minority Stress
We did not observe reductions in internalization of blame for
minority stress over time in either arm or differences between
the two arms.
Sense of Belonging
At the 4-week follow-up, both the treatment arm (t121=–3.53;
P<.001) and the control arm (t121=–2.53; P=.01) showed
significant reductions in thwarted belongingness. We did not
observe differences in reductions of thwarted belongingness
between the arms (d=–0.08; b=–0.64; P=.34).
Anxiety and Depression Symptoms
We also observed reductions in anxiety and depression
symptoms for both arms. Among the treatment arm, we found
significant reductions in anxiety (t121=–4.42; P<.001) and
depression (t121=–3.33; P=.001) from baseline to week 4. We
found similar results among control arm participants (reductions
in anxiety: t121=–2.55, P=.01; reductions in depression:
t121=–2.35, P=.01). However, the treatment arm did not report

significantly lower anxiety (d=0.14; b=–0.55; P=.31) or
depression (d=0.07; b=–0.17; P=.74) at the follow-up than the
control arm.

Intervention Engagement
Approximately 98.5% (133/135) of the participants in the
treatment arm and 97.8% (132/135) of the participants in the
control arm created an account in their respective web resource
within 4 weeks of being invited to access it. Participants in the
treatment arm did not log significantly more sessions than
participants in the control arm (t268=–1.84; P=.07); however,
they spent significantly more time in the product (t268=–7.08;
P<.001) and viewed more pages (t268=–10.30; P<.001).
Similarly, although there were no significant differences
between the treatment and control arms in thresholds of use for
the number of sessions logged (≥5 sessions; χ21=1.0; P=.39),
significantly more participants in the treatment arm spent ≥10
minutes in the product (χ21=49.2; P<.001) and viewed >10
unique pages (χ21=101.9; P<.001) than participants in the control
arm (Table 4). Although the treatment arm showed higher
engagement than the control overall, the control arm participants
clicked on more unique external links than the treatment arm
(t268=4.51; P<.001) and were more likely to click on at least
one external link (χ21=13.1; P<.001).

Table 4. Engagement metrics by arm (N=270).
Control (n=135)

Intervention (n=135)

P valuea

Total sessions completed, median (range)

3 (0-19)

4 (0-18)

.07

Low (0-4 sessions), n (%)

84 (62.2)

76 (56.3)

.39b

High (≥5 sessions), n (%)

51 (37.8)

59 (43.7)

N/Ac

Total time spent (minutes), median (range)

3.08 (0.03-37.70)

12.14 (0.48-152.35)

<.001

Low (0-10 minutes), n (%)

118 (87.4)

64 (47.4)

<.001b

High (>10 minutes), n (%)

17 (12.6)

71 (52.6)

N/A

Unique pages viewed, median (range)

5 (1-8)

13 (1-50)

<.001

Low (0-10 pages), n (%)

135 (100)

61 (45.2)

<.001b

High (>10 pages), n (%)

0 (0)

74 (54.8)

N/A

Number of links clicked, median (range)

1 (0-14)

0 (0-6)

<.001

None (0), n (%)

68 (50.4)

97 (71.9)

<.001b

Any (>0), n (%)

67 (49.6)

38 (28.2)

N/A

Engagement metrics
Sessions

Time

Unique pagesd

External links

a

Student t test for continuous variables and chi-square tests for categorical variables.

b

Compares dichotomized engagement (high vs low) and study arm (control vs intervention).

c

N/A: not applicable. Refer to the P value for low engagement for a statistical comparison of high and low engagement by study arm.

d

The maximum number of unique pages in the control web application (asterix) was 8 and the maximum for the imi application was 73.
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Engagement and Outcome Improvements Within the
imi Application Arm
Exploratory analyses examining outcomes within the treatment
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arm revealed a positive relationship between the 3 engagement
indicators and several of the primary and secondary outcomes
(Table 5).

Table 5. Linear regressions examining differences in primary and secondary outcomes by engagement indicators among participants assigned to the
imi application (n=122).
Outcomes

The number of sessions
a

Total minutes (high [>10]
a

The number of unique pages
viewed (high [>10] vs lowa)

(high [≥5] vs low )

vs low )

Coefficient

P value

Coefficient

P value

Coefficient

P value

Challenge

0.16

.25

0.42

.003

0.38

.008

Threat

0.03

.76

–0.13

.21

–0.13

.22

Resource

0.33

.03

0.50

.001

0.51

.001

Self-distraction

0.17

.13

0.18

.11

0.07

.51

Active coping

0.15

.31

0.28

.06

0.18

.23

Emotional support

0.01

.95

0.32

.03

0.24

.10

Instrumental support

–0.03

.87

0.28

.06

0.17

.26

Venting

0.13

.36

0.24

.09

0.22

.13

Positive reframing

0.14

.34

0.08

.60

0.05

.76

Planning

–0.01

.94

0.25

.046

–0.01

.94

Acceptance

0.08

.52

0.10

.41

–0.01

.93

Self-blame

–0.02

.91

–0.32

.02

–0.22

.13

Substance use

–0.10

.41

–0.05

.67

–0.05

.66

Behavioral disengagement

–0.11

.42

–0.11

.39

–0.08

.54

Authenticity

–0.03

.84

0.26

.12

–0.13

.44

LGBTQ+ community

0.11

.51

0.27

.09

0.03

.88

0.005

.98

–0.03

.90

0.20

.41

–1.51

.11

–1.30

.17

–0.21

.83

Anxietyc

0.17

.82

–1.12

.13

–0.45

.55

Depressionc

0.10

.90

–0.55

.48

0.23

.77

Primary outcomes
Stress appraisals

Secondary outcomes
Cognitive and behavioral coping skills

b

Positive LGBTQ+ identity

Internationalization of minority stress
Internalization
Sense of belonging
Thwarted belongingness
Anxiety and depression symptoms

a

The effect of engagement (reached thresholds of use vs not reached) on the outcome at follow-up, controlling for outcome at baseline.

b

LGBTQ+: lesbian, gay, bisexual, transgender, queer, and other sexual and gender minority.

c

Considered as continuous variables in the analyses.

Sessions
Controlling for baseline scores, participants in the treatment
group who engaged in ≥5 sessions during the intervention period
had greater improvements in resource appraisals (b=0.33; P=.03)
at follow-up than those who engaged in <5 sessions.
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Controlling for respective baseline scores, participants who
spent >10 minutes in the imi application during the intervention
period had significantly greater improvements in challenge
appraisals (b=0.42, P=.003), resource appraisals (b=0.50;
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P=.001), and emotional support coping skills (b=0.32; P=.03)
at follow-up than those who spent ≤10 minutes.

Unique Pages
Participants who viewed >10 unique pages within the imi
application during the intervention period had significantly
greater improvements in challenge appraisals (b=0.38, P=.008)
and resource appraisals (b=0.51; P=.001) at follow-up than
those who viewed ≤10 pages, controlling for baseline scores.

Discussion
Principal Findings
Digital interventions show promise in supporting the mental
health of SGM youth, given the appeal of the modality, their
suitability to deliver engaging asynchronous content, and their
unique capacity to reach large numbers of SGM youth, including
youth who may be unable to access in-person services because
of transportation concerns, availability of local services, or
concerns about privacy and stigma. In this study, we found high
acceptability for both the full imi intervention web application
and the resource page–only control, with participants reporting
greater satisfaction and engagement with the imi web
application. SGM youth assigned to the imi web application
also had greater improvements in stress appraisals and coping
skills. Given the potential for digital interventions such as the
imi application to support the mental health needs of SGM
youth, we discuss our findings in detail in the following sections
and note opportunities to advance work in this area.
Participants indicated that the imi application’s content was
acceptable and well-suited for SGM youth populations.
Consistent with our hypothesis, participants randomly assigned
to receive the imi application were more likely than those
assigned to the resource-only control arm to report a positive
experience with the intervention and to recommend it to SGM
youth friends. These sentiments were echoed in the qualitative
feedback, in which participants highlighted the benefits of
viewing the stories of other SGM youth and learning approaches
for coping with stress. Participants also offered several ways of
improving the imi application, including developing greater
breadth (eg, more overall content) and depth (eg, expansion to
include a section focused on LGBTQ+ relationships) of content,
and the addition of new features (eg, the ability to interact with
other SGM youth through the web application). Collectively,
these findings align with the growing body of evidence
suggesting that SGM youth consider digital interventions to be
acceptable modalities through which to receive mental health
support [18,19,24]. They also point to concrete directions for
intervention improvement.
For individuals to respond effectively against a stressor, they
must be able to feel confident in their ability to address it [43].
Consistent with our hypothesis, SGM youth in the imi
application arm were more likely than their peers in the control
arm to appraise stressful situations as a surmountable challenge
at the 4-week follow-up. The imi application arm was also less
likely to report appraising stressful events as having lasting,
negative repercussions. Participants in both study arms reported
gains in having the internal and external resources to deal with
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stressful situations. The absence of a significant difference in
resource appraisals between the 2 arms may be explained by
the fact that both sites contained the same imi-based curated list
of resources tailored to SGM youth. Taken together, these
findings are promising and suggest that the imi application may
help SGM youth situate stressors in their lives as transient and
addressable, which, in turn, may reduce the acuity of these
experiences on their mental health.
We also observed important initial changes in SGM youth’s
coping skills after the 4-week follow-up period. Compared with
the control arm, participants in the imi application arm reported
greater gains in their ability to seek out instrumental support,
positively reframe challenging situations, and engage in planning
as coping skills. Interestingly, we observed improvements in
measured areas of mental health across both arms (eg, anxiety
and depression symptoms), suggesting that web applications of
varying scope tailored to SGM youth are promising sources of
mental health support. Unfortunately, the absence of a
no-treatment control group prevents us from inferring whether
both interventions are efficacious relative to the absence of any
program. Although comparing the full imi intervention with a
resource-only subset of the imi website (ie, asterix) makes it
harder to detect differences between the arms, we felt that
withholding referrals to care for SGM youth would be unethical.
We also selected this control as we wished to examine whether
the full, interactive imi intervention provides benefits to SGM
youth that go above and beyond what might be gained by being
given access to a unified, vetted list of freely available existing
resources. Previous studies suggest that SGM youth are
increasingly and disproportionately searching for support on
the web; however, this opens them to increased experiences of
encountering homophobic and transphobic content and other
hate speech [23]. It may be the case that gathering vetted
resources in a single safe site designed specifically for them (ie,
the resources section of the imi application) supports the
well-being of SGM youth in and of itself. Although our design
lacked a no-treatment control and, therefore, was unable to test
this hypothesis, it does highlight the additive benefit of
interactive identity affirmation and coping content contained
in the full imi intervention; that is, although participants who
were assigned both versions of the web application (the
resource-only version of imi called asterix and the full
interactive imi intervention) experienced decreased feelings of
anxiety and depression after 4 weeks, only those given the full
intervention experienced the additional benefit of greater stress
appraisal and cognitive and behavioral coping skill
improvements.

Future Directions
The lack of observed differences between the arms across other
domains (eg, identity affirmation and connectedness to the
LGBTQ+ community, internalization of minority stress, and
sense of belonging) may be related to several additional
considerations. First, it is possible that the 4-week study period
may be too short to allow for meaningful changes to emerge in
certain types of outcomes. For example, it may be that
identity-related shifts require more time to manifest. Second,
consistent with participants’ qualitative feedback, it is possible
that SGM youth require a greater amount of content and
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activities in a web application to, for example, feel more
connected to the broader LGBTQ+ community. Third, some
participants noted in their qualitative recommendations that the
imi application may be most useful for SGM youth who are
earlier in the exploration and affirmation of their identities.
However, it remains unclear whether the intervention’s effects
may be greater for SGM youth earlier in their coming out
process or those questioning their identities, a question which
this study was not statistically powered to address. Future
research is needed to examine whether the intervention’s effect
on the outcomes requires greater content to be developed within
the web application, whether the intervention effects are
moderated by how comfortable users are with their identities,
or whether a longer follow-up period may allow for changes in
distal outcomes to be observed.
Participants’ engagement with the web application also offers
insights into its acceptability and preliminary efficacy. Most
participants across both arms created an account on their
assigned web application, with participants reporting a
comparable number of log-ins over the 4-week follow-up period.
As expected, participants in the imi application arm viewed
more unique pages than participants in the control arm. In and
of itself, this finding does not indicate greater engagement with
the imi application, as the control web application contained
only a small subset of pages from the imi application. Consistent
with our hypothesis, participants in the imi application arm also
spent more time logged into the intervention than their peers in
the control arm. However, imi participants were less likely than
their control counterparts to click on external links. When taken
together, these findings may be explained by two alternate (but
complementary) possibilities: imi participants may have been
more likely to spend time on the web application and less likely
to require clicking on external links as the created content and
activities were engaging and sufficiently helpful. Alternatively,
given the limited content available to SGM youth in the control
arm, participants assigned to asterix may have spent their time
reviewing the content offered through the links to curated
LGBTQ+-affirming resources, a possibility we could not assess
in this study as we could not track participants’ behavior on
external websites. Future research examining participants’
experiences within and outside of the web application may be
warranted.
As an exploratory analysis, we examined whether SGM youth’s
engagement with the imi application could affect the strength
of the intervention’s effect. Consistent with our hypothesis, and
in alignment with prior research examining the role of
engagement on a digital intervention’s efficacy [41,44,45],
higher engagement with the imi application (eg, ≥10 minutes
spent on the tool; >10 unique pages viewed) was linked to
greater improvement on our primary outcome variables. This
finding supports the interpretation that engaging with the imi
application’s content improves coping abilities. On the basis of
our engagement data, it is promising to see that more than half
of the participants assigned to the full imi intervention achieved
these thresholds. However, it is worthwhile noting that SGM
youth were incentivized for creating an account within the tool
and sent reminders by the study team to log back in over time.
It remains crucial to understand whether these thresholds and
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their associated benefits persist outside of the clinical trial
setting. Efforts to explore engagement in a naturalistic study
may be worthwhile to examine and affirm external validity.

Strengths and Limitations
Several limitations are worth noting. First, although the
intervention effects moved in favor of the imi application arm
in primary and secondary outcomes, our ability to detect these
effects with statistical precision was limited by our small sample
size and short follow-up period. Future scaled-up versions of
the imi intervention with larger sample sizes, a longer duration,
and a greater number of follow-up periods may be warranted
to examine efficacy and effectiveness with greater precision.
Second, some of the indicators used to measure our outcomes
(eg, authenticity and LGBTQ+ community connectedness) were
originally developed with adult populations. Given the unique
needs of SGM youth, it is possible that the measures used in
our study were not optimal for use with SGM youth populations.
Future research examining the psychometric appropriateness
of these measures with SGM youth populations may be
warranted. Third, our ability to recruit youth from the lowest
end of the age spectrum was somewhat limited. Only 11.1%
(30/270) of the sample was aged 13 to 14 years. This is a
common limitation in studies of SGM youth [46]. However,
given the qualitative feedback that youth earlier in the journey
of identity exploration may benefit more from the tool, future
implementation research should explore pathways for making
the tool more accessible to both younger youth and youth who
may be in the earlier stages of identity exploration or questioning
their identities. Similarly, although the diversity of race and
ethnicities, as well as sexual and gender identities represented
in our sample, is a strength, this initial pilot study was not
powered to assess whether the intervention has differential
efficacy based on these demographic characteristics. Finally,
we weighed the advantages and disadvantages of enforcing a
type I error (ie, false positive) correction relative to a type II
error (ie, false negative). Given the exploratory nature of our
trial and the small sample size of this pilot study, we did not
include a family-wise error rate correction, which is justified
in early exploration [47]. Future research examining the effects
of both the imi and asterix applications with larger and
population-representative samples may be warranted.
Our study also has several strengths worth emphasizing. First,
it is one of the few clinical trials examining how to design and
deliver a coping intervention that may reduce the negative
effects of minority stress on SGM youth. Second, compared
with face-to-face programs for SGM youth and synchronous
digital interventions, our findings underscore the feasibility and
acceptability of an asynchronous digital intervention that
overcomes access and engagement barriers by being freely
accessible on demand, scalable, confidential, and not requiring
a significant time commitment. Our study demonstrated that a
brief (as little as 10 minutes), self-guided intervention may have
significant benefits for coping with stress. Finally, compared
with prior trials, our study increases the likelihood that the
findings are generalizable, given our commitment to recruiting
and retaining a diverse group of SGM youth across races,
ethnicities, sexual orientations and gender identities,
geographies, and socioeconomic backgrounds.
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Conclusions
This study demonstrated that a brief web-based intervention
can provide self-guided, asynchronous, and confidential support
that improves the ability of SGM youth to cope with minority
stress. As a tool, the imi application may provide public health
utility and value by expanding the reach and scalability of

Bauermeister et al
mental health programs, particularly for SGM youth who may
be unable to participate in time-intensive, synchronous
interactions. It may also serve as an ancillary tool for
community-based agencies seeking to engage their SGM youth
clients via the internet. Further research is needed to examine
the long-term effects of the imi application and its potential for
scalability and population health impact.
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Abstract
Background: The efficacy of pre-exposure prophylaxis (PrEP) is highly dependent on adherence, and one of the main reasons
for poor adherence is forgetfulness. Therefore, it is important to explore how to remind users to take their medicine on time.
Objective: This study aims to explore the effect of a reminder system on PrEP adherence in men who have sex with men (MSM)
to improve adherence. The main function of the reminder system based on the WeChat social media app is to send daily messages
to PrEP users reminding them to take their medicine.
Methods: An open-label, multicenter, prospective cohort study of PrEP in HIV-negative MSM was conducted from November
2019 to June 2021. Study participants who met the criteria were randomly divided into 2 groups: no-reminder group and reminder
group. Both groups received daily oral PrEP with follow-up every 3 months. Adherence was measured on the basis of self-report
and was defined as the percentage of medications taken on time. Participants in the reminder group scanned a WeChat QR code
and received a reminder message every day. Participants in the no-reminder group took daily oral medicines without reminders.
The longitudinal trajectories of adherence for both groups were displayed to compare the variability in adherence at each time
point. The association between the changes in adherence (no change, improvement, decline) at each time point and the use of the
reminder system was analyzed by multinomial logistic regression models to further explore the effectiveness of the system.
Results: A total of 716 MSM were included in the analysis, that is, 372 MSM in the no-reminder group and 344 MSM in the
reminder group. Adherence in the no-reminder group fluctuated between 0.75 and 0.80 and that in the reminder group gradually
increased over time from 0.76 to 0.88. Adherence at each time point was not statistically different between the 2 groups. Further
analysis showed that an improvement in adherence in the early stage was associated with the use of the reminder system (odds
ratio [OR] 1.65, 95% CI 1.01-2.70; P=.04). An improvement in average adherence compared to initial adherence was positively
associated with the use of the reminder system (OR 1.82, 95% CI 1.10-3.01; P=.02).
Conclusions: The effect of the reminder system on PrEP adherence in MSM was more significant in the early stage, which is
related to the increased motivation of users and the development of medicine-taking habits. The reminder system is potentially
effective for early-stage medicine management, encouraging users to develop healthy medicine-taking habits and to increase their
adherence.
Trial Registration: Chinese Clinical Trial ChiCTR190026414; http://www.chictr.org.cn/showproj.aspx?proj=35077
(J Med Internet Res 2022;24(8):e37936) doi:10.2196/37936
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Introduction
Globally, men who have sex with men (MSM) bear a
disproportionate burden of HIV, and they are a high-risk group
for infection [1]. In China, more than a quarter of new HIV
diagnoses can be attributed to MSM [2]. Despite various
interventions, the risk of HIV infections among MSM in China
is increasing, with the proportion of new HIV infections rising
from 2.5% to 25.5% [3,4]. Given the existing circumstances,
several studies have been exploring ways to prevent HIV
infection in MSM populations, including biomedical
interventions such as oral pre-exposure prophylaxis (PrEP)
[5,6]. PrEP is a biological HIV prevention intervention that
focuses on reducing the risk of HIV infection through daily (or
event-based) oral antiretroviral medication [7]. In fact, several
clinical trials and cohort studies have demonstrated the safety
and efficacy of oral PrEP in reducing the risk of HIV infection
in MSM [8]. However, the efficacy of PrEP for HIV prevention
is highly dependent on adherence [9,10].
PrEP advocates and researchers agree that one of the important
issues that needs to be addressed before PrEP can be scaled up
is the concern about nonadherence [11,12]. As a result,
researchers have focused their attention on PrEP adherence and
the factors that influence it. Prior studies have shown that the
potential barriers to daily oral PrEP include living arrangement,
side effects, stigma, and forgetfulness [13,14]. In addition,
another study found that forgetting to take medicines is the most
common objective reason for nonadherence, accounting for
70.21% [15]. Taken together, forgetfulness is one of the main
reasons for poor adherence, and reminding users to take
medicines is an important way to improve adherence. Exploring
how to obtain and maintain high adherence in MSM populations
is crucial for promoting the effective implementation of PrEP
intervention strategies and reducing new HIV infections.
Different methods can be considered to remind MSM to take
their medicines on time. Many attempts have been made in this
direction by researchers. Mobile health (mHealth) technologies
are effective and cost-effective strategies to improve individual
and public health [16,17]. Among them, SMS text messaging
is often used to help remind users to take their medicines, which
can improve adherence, owing to its ubiquity and ease of use
in mobile devices. The feasibility and acceptability of SMS text
messaging as a potential tool for primary HIV prevention has
been demonstrated [18,19]. Meanwhile, other studies have also
developed a novel mobile app to support PrEP adherence
through artificial intelligence and an electronic sexual diary,
which have received positive feedback from users, thereby
providing a further basis for future effectiveness studies [20].
These studies of improving adherence through a “reminder
function” have been tested in Africa, Thailand, Peru, and the
United States, but implementation in China is uncommon
[21,22].
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Like Facebook and Twitter, WeChat is a popular social media
app in China. According to the data analysis, WeChat is the
most popular social media platform with over 1 billion registered
users [23]. Approximately 93% of the residents in the major
Chinese cities log on to WeChat every day [24]. The high
ownership of mobile phones and the widespread popularity of
the WeChat app suggest that this is a promising platform for
providing low-cost interventions. Moreover, WeChat-based
interventions have shown feasibility and acceptability in HIV
prevention and control in China [25,26], which includes MSM
[23]. However, studies using the WeChat app to remind MSM
to take their medicine daily during PrEP use are limited in
China.
Therefore, we conducted a prospective cohort study of PrEP
adherence in the MSM population in Western China. Our
reminder system is based on the WeChat app for mobile phones
that scans individual QR codes and connects to the backend
management system to send daily reminder messages. We
compared the variability of adherence between the no-reminder
group and the reminder group at each time point by plotting the
longitudinal trajectory of adherence. At the same time, the
relationship between changes in adherence (no change,
improvement, decline) and the use of the reminder system was
investigated to confirm the influence of the reminder system
on adherence and to provide a theoretical foundation for the
improvement of the reminder system in the future so as to
improve adherence and increase the effectiveness of PrEP.

Methods
Ethics Approval
All procedures of this study were in accordance with the ethics
approval granted by the ethics committee of Chongqing Medical
University (2019001). The ethics committee of Chongqing
Medical University has reviewed the proposed use of human
participants in the abovementioned project.

Data Collection
This study was a PrEP open-label, multicenter, prospective
cohort study conducted from November 2019 to June 2021 in
3 regions of Western China: Chongqing, Sichuan, and Xinjiang
(Chinese clinical trial registration ChiCTR190026414). MSM
who met the criteria were recruited through collaboration with
local nongovernment organizations and peer recommendations.
Inclusion criteria for the study population were (1) physiological
male (assigned male sex at birth), (2) older than 18 years, (3)
had engaged in sex with male partners in the past 6 months, (4)
negative HIV antigen-antibody test, (5) willing to use medicines
under guidance and subject to follow-up arrangements, and (6)
signed informed consent form.
The MSM population was screened for inclusion criteria and
then divided into 2 groups: no-reminder group and reminder
group. After completing the baseline survey, participants were
followed up every 3 months and given their medicines by our
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study researchers. They received daily oral dose of Lamivudine
and Tenofovir Disoproxil Fumarate tablets (300 mg/tablet). The
first 3 months after joining the cohort were considered as an
observation period with no use of the reminder system. The
initial adherence of the study participants was measured and
the reminder system was started at the first follow-up visit.
Participants in the reminder group scanned a WeChat QR code
(unique identity QR code, scanned only once) to receive daily
medicine reminder messages, while the no-reminder group took

Lin et al
daily oral medicines without reminders. We designated the
intervals corresponding to each follow-up time point as early,
midterm, and late stages after the initial follow-up visit
(beginning to employ the reminder system). A total of 716 MSM
were included in the analysis: 372 MSM in the no-reminder
group and 344 MSM in the reminder group. Figure 1 presents
the flow chart of the recruitment, survey, and follow-up of the
study participants.

Figure 1. Flowchart of the recruitment, survey, and follow-up of the study participants. MSM: men who have sex with men. PrEP: pre-exposure
prophylaxis.

Reminder System of PrEP
Our study developed a PrEP reminder system in conjunction
with Chongqing Future Health Management Company Limited.
This system relies on the internet and intelligent medicine
information tracking management system using cloud
computing, big data, intelligent hardware, and other new
generation information technology products to provide effective
medicine management for the study participants through the
process of medicine-taking plan, medicine reminder, and health
knowledge promotion to achieve the expected prevention effect.
Our researchers typed in the basic information of the reminder
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group into the background management system and generated
an independent personal QR code. Participants were bound to
the backend system after scanning the QR code using their
WeChat apps. Daily reminders were sent from the next day,
and users could set the time according to their request. In order
to protect the privacy of the users, the content of our messages
was relatively obscure. For example, when users received a
“You need to learn” message from Future Health Management,
it is a reminder that they should take the medicine that day.
When users received a “Time for examination” message from
Future Health Management, it is a reminder that they should
visit the study center for the 3-month follow-up (Figure 2).
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Figure 2. A: reminds users that they should take their medicine that day and B: reminds users that they should go for a follow-up visit.

Baseline Variables
The baseline survey included demographic characteristics,
HIV-related characteristics, and substance use characteristics.
Among them, the demographic characteristics include age,
household register location, education attainment, employment
status, marital status, and monthly personal income. HIV-related
characteristics mainly included HIV testing and counseling,
number of sexual partners, condom use, and HIV risk
perception. Participants were asked, “In the last month, how
many male sexual partners (casual and regular) have you had?
How many times did you have sex with a male sexual partner?
How many of these times did you use a condom?” These
questions were used to measure the number of male sexual
partners and condom use during sex. We defined that condoms
were used at each sexual intercourse and if the number of
condom use was greater than or equal to the number of sexual
intercourses. At the same time, participants were asked, “How
likely do you think you are to get AIDS?” We used this question
to measure the participants’ perceived HIV risk. Participants
responded on a scale of 1-5, with a score of 1 indicating very
small and 5 indicating very large. We defined a score ≥3 as the
subgroup with higher perceived HIV risk. Substance use mainly
included alcohol use. Participants were asked, “in the last month,
how often did you drink alcohol?” Participants responded,
“basically every day,” “at least 3 times a week,” “at least 1 time
a week,” “less than 1 time a week,” or “never drink alcohol.”
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We divided the alcohol use into 2 categories: one for never
drinking and one for ever drinking.

Adherence
At each follow-up visit, adherence was measured by self-report.
Study participants were asked, “in the last two weeks, have you
missed any doses? how many days did you miss?” Participants
answered “yes” or “no” and the number of days missed (0-14
days). Adherence was equal to the percentage of days adhered.
All answers were checked by our researchers. If illogical
answers occurred, quality control and corrections were made
in the study site. After completing the baseline survey,
participants entered an observation period, taking their
medicines without reminders. The participants arrived for the
first follow-up visit 3 months later, at which point adherence
was referred to as “initial adherence.” In the meantime, study
participants in the reminder group began using the reminder
system. After this, adherence during the follow-up period was
defined as early stage adherence, midterm adherence, and late
stage adherence. Changes in adherence at each follow-up time
point (no change, improvement, decline) were compared to the
adherence in the previous period. For example, the changes in
adherence in the early stage is defined as early stage adherence
minus initial adherence. Average adherence is the mean of
adherence in the early, midterm, and late periods, and changes
in average adherence is defined as average adherence minus
initial adherence. The definition of adherence in each period is
shown in Figure 3.
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Figure 3. Explanation of adherence (initial adherence, early stage adherence, midterm adherence, late stage adherence, average adherence) and changes
in adherence by period. PrEP: pre-exposure prophylaxis.

Statistical Analyses
We compared the variability of the baseline demographic
characteristics, HIV-related characteristics, and substance use
characteristics between the no-reminder group and reminder
group of the MSM population. Trajectories of adherence were
plotted for the 2 groups. The nonparametric test (Kruskal-Wallis
test) was used to compare the variability of adherence between
the 2 groups at each follow-up time point. A multinomial logistic
regression model was developed using the changes in adherence
(no change, improvement, decline) in each period of follow-up
as the dependent variable, and the relationship between the
reminder system and the changes in adherence was further
assessed by odds ratio (OR) and 95% CI. Variables with P≤.15
were first screened by one-way analysis of variance, which was
included in the multinomial logistic regression model. The
efficacy of the reminder system was assessed by exploring the
factors influencing the improvement and decline of adherence,
using no change in adherence as the reference. P<.05 indicated
a statistical difference. All statistical analyses were performed
with SAS software (SAS Institute).

https://www.jmir.org/2022/8/e37936

XSL• FO
RenderX

Results
A total of 716 MSM were included in the analysis, with 372 in
the no-reminder group and 344 in the reminder group. The
baseline
demographic
characteristics,
HIV-related
characteristics, and substance use characteristics of the 2 groups
were not statistically different in one-way analysis of variance.
The results of the descriptive analyses and chi-square tests for
each variable are shown in Table 1.
Adherence trajectories were plotted for the no-reminder group
and reminder group (Figure 4). The median of initial adherence
was 1.00 (IQR 0.64-1.00) in the no-reminder group and 1.00
(IQR 0.47-1.00) in the reminder group, with no statistical
difference in initial adherence between the 2 groups (P=.48).
After using the reminder system, adherence in the no-reminder
group fluctuated between 0.75 and 0.80; adherence in the
reminder group gradually increased over time from 0.76 to 0.88.
There was no statistical difference in adherence between the 2
groups at the early (P=.69), midterm (P=.96), and late (P=.37)
stages of follow-up. After using the reminder system, the mean
adherence for the 3 periods in the no-reminder group was 0.79
and the mean adherence in the reminder group was 0.78, which
was not statistically different (P=.82) (Table 2).
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Table 1. Differences in the baseline demographic characteristics, HIV-related characteristics, and substance use characteristics between the no-reminder
group and reminder group in the men who have sex with men population (N=716).
Variables

No-reminder group (n=372), n (%)

Reminder group (n=344), n (%)

Age (years)

.93

18-30

165 (44.47)

149 (43.31)

31-45

158 (42.59)

151 (43.90)

48 (12.94)

44 (12.79)

>45
Household register location

a

Urban
Rural
Education attainment

.52
254 (69.21)

245 (71.43)

113(30.79)

98 (28.57)

a

.87

Junior high school and below

27 (7.28)

27 (7.85)

High school

84 (22.64)

70 (20.35)

College

94 (25.34)

93 (27.03)

166 (44.74)

154 (44.77)

Undergraduate training or higher
a

.54

Employment status
Employed

307 (82.75)

275 (79.94)

Internal student

34 (9.16)

40 (11.63)

Jobless

30 (8.09)

29 (8.43)

Marital statusa

.45

Married

50 (13.51)

53 (15.50)

Single

320 (86.49)

289 (84.50)

Monthly personal incomea (¥1=US $0.15)

.41

≤¥1000

25 (6.79)

22 (6.40)

¥1000-¥3000

59 (16.03)

71 (20.64)

¥3000-¥5000

125 (33.97)

104 (30.23)

>¥5000

159 (43.21)

147 (42.73)

HIV testinga

.78

Yes

341 (92.41)

317 (92.96)

No

28 (7.59)

24 (7.04)

HIV counselinga

.37

Yes

267 (71.97)

257 (74.93)

No

104 (28.03)

86 (25.07)

Number of male sexual partners in the last montha

.50

0

38 (10.33)

27 (7.99)

1

204 (55.43)

198 (58.58)

≥2

126 (34.24)

113 (33.43)

Condoms were used at each sexual intercoursea

.65

Yes

301 (83.84)

279 (82.54)

No

58 (16.16)

59 (17.46)

Finding sex partners through the internet

RenderX

.67

Yes

250 (67.20)

226 (65.70)

No

122 (32.80)

118 (34.30)
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Variables

No-reminder group (n=372), n (%)

Lin et al
Reminder group (n=344), n (%)

HIV risk perceptiona

.79

High

156 (42.05)

148 (43.02)

Low

215 (57.95)

196 (56.98)

If your male sexual partners know you are using pre-exposure prophylaxis, their attitude is

.08

Positive

174 (46.77)

156 (45.35)

Neutral

151 (40.59)

160 (46.51)

Negative

47 (12.63)

28 (8.14)

Have you ever been diagnosed with a sexually transmitted disease by a doctora

.18

Yes

18 (4.89)

25 (3.73)

No

350 (95.11)

317 (92.69)

Commercial sexa

.83

Yes

15 (4.05)

15 (4.39)

No

355 (95.95)

327 (95.61)

Alcohol use in the last month

a

P value

.45

Yes

217 (58.33)

191 (55.52)

No

155 (41.67)

153 (44.48)

Indicates missing data.

Figure 4. Trajectory plot of adherence at each time point in the men who have sex with men population in the no-reminder group and reminder group.
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Table 2. Differences in adherence at each time point among the men who have sex with men population in the no-reminder group and reminder group.
No-reminder group

P valuea

Reminder group

n

Mean (SD)

Median (IQR)

n

Mean (SD)

Median (IQR)

372

0.75 (0.37)

1.00 (0.64-1.00)

344

0.72 (0.39)

1.00 (0.47-1.00)

.48

Early stage adherence (n=410)

217

0.80 (0.33)

1.00 (0.79-1.00)

193

0.76 (0.37)

1.00 (0.64-1.00)

.69

Midterm adherence (n=193)

100

0.77 (0.37)

100 (0.68-1.00)

93

0.78 (0.35)

1.00 (0.79-1.00)

.96

Late stage adherence (n=76)

41

0.79 (0.31)

1.00 (0.64-1.00)

35

0.88 (0.23)

1.00 (0.79-1.00)

.37

Average adherence (n=410)

217

0.79 (0.31)

0.93 (0.72-1.00)

193

0.78 (0.32)

0.97 (0.64-1.00)

.82

Initial adherence (N=716)
After using the reminder system

a

Kruskal-Wallis test was used.

To further explore the effect of the reminder system on
adherence, the percentage of changes in adherence (no change,
improvement, decline) at each time point in the MSM population
is shown in Figure 5. A percentage bar graph was used to show
the distribution of the changes in adherence. No change in
adherence was used as a reference for the dependent variable,
and the no-reminder group was used as a reference for the
independent variable. After the one-way analysis of variance,
variables with P≤.15 were included in a multinomial logistic
regression model for adjusting. The adjusted variables in the
early stage included age, HIV counseling, and male sexual
partners’ attitude. The adjusted variables in the midterm stage
included age, household register location, education attainment,
male sex partners, and their attitudes. The adjusted variables in
the late stage included household register location and male
sexual partners’ attitude. In the model for changes in the average
adherence, the adjusted variables included age, HIV testing,

HIV risk perception, alcohol use, and male sexual partners’
attitude. After adjusting for basic demographic characteristics,
HIV-related characteristics, and substance use characteristics
with no change in adherence as a reference, analysis based on
multinomial logistic regression models was obtained (Table 3).
An improvement in adherence in the early stage was positively
associated with the use of the reminder system (OR 1.65, 95%
CI 1.01-2.70; P=.04). The result showed that the reminder
system was not able to prevent a decline in adherence in the
early stage, and the difference was not statistically significant
(P=.78). The changes in adherence in both the midterm and late
stages were not statistically associated with the reminder system
(P>.05). An improvement in the average adherence compared
to the initial adherence was associated with the use of the
reminder system (OR 1.82, 95% CI 1.10-3.01; P=.02); a decline
in the average adherence was not associated with the reminder
system (P=.67).

Figure 5. Distribution of changes in adherence.
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Table 3. Multinomial logistic regression analysis of the changes in adherence at each time point after using the reminder system.
Time point, variables

Improvement versus no change

Decline versus no change

Odds ratio (95% CI)

P value

Odds ratio (95% CI)

P value

Reminder group

1.65 (1.01-2.70)

.04

0.93 (0.57-1.53)

.78

No-reminder group

Reference

Reference

Reference

Reference

Reminder group

1.43 (0.67-3.03)

.36

1.01 (0.46-2.24)

.98

No-reminder group

Reference

Reference

Reference

Reference

Reminder group

0.73 (0.23-2.26)

.58

0.16 (0.03-1.03)

.054

No-reminder group

Reference

Reference

Reference

Reference

Reminder group

1.82 (1.10-3.01)

.02

0.90 (0.55-1.48)

.67

No-reminder group

Reference

Reference

Reference

Reference

Early stage

Midterm stage

Late stage

Average

Discussion
Principal Findings
Our study explored the effect of a reminder system on PrEP
adherence to promote adherence and support HIV prevention
efforts in the MSM population. We found that the reminder
system contributed to an improvement in adherence in the early
stage. Previous studies have mentioned that text message
reminders are one of the interventions that can improve
adherence [27]. Two pilot studies and a PrEP demonstration
project in Kenya and Brazil have also demonstrated that
incorporating text message reminders into PrEP practices is an
acceptable method [28-30]. These reminder methods have been
found to be effective in improving adherence by increasing the
user’s knowledge of the medicine, motivation, and perceived
support through text messages [31]. Meanwhile, according to
Rogers’ Protective Motivation Theory, users’ motivation factors
may be the driving force for individual behavior change [32].
A prior study has also confirmed that the Protective Motivation
Theory can provide a valuable reference for the study of PrEP
adherence in the MSM population [33]. The newly developed
reminder system in our study was based on text message, and
the presentation of this information can increase users’
motivation to take their medicines and encourage them to change
their behavior, especially in relation to PrEP adherence.
We believe that the use of the reminder system can encourage
users to form medicine-taking habits. Habit is defined as
behavior that is performed subconsciously without thought [34].
In the book of “The Power of Habit,” Charles Duhigg defines
habit as a 3-step loop of cue, routine, and reward [35]. Habits
are behaviors that are induced by situational cues, and our
reminder system serves as a cue. Previous findings have shown
that habit formation interventions have the potential to improve
adherence to antiretroviral therapy [36]. In the meanwhile, as
mentioned in the previously published review, the idea of
“habit” has been applied to the Medication Usage Skills for
Effectiveness program [35]. In their program, users selected
https://www.jmir.org/2022/8/e37936
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cues to help them remember to take their medicine, such as a
specific time, a meal, or a reliable daily ritual. According to the
findings of that study, the reminder system provided daily cues
to users, motivating them to develop the habit of taking medicine
and improving their adherence. However, the reminder system
was ineffective in preventing adherence declines in the early
stage as well as changes in adherence in the midterm and late
stages of follow-up. We believe that there are several main
reasons for this.
First, according to previous survey results, 70.21% of MSM
did not take their medicines because they forgot, while 29.08%
said they were too busy, 28.01% were worried about the side
effects, and 18.44% thought it was troublesome to take medicine
[15]. Forgetting to take medicine is the main factor affecting
adherence, but there are still other factors that can potentially
impact adherence. Reminder systems are primarily targeted at
MSM who forget to take their medicine, and the effect of
reminder systems on adherence may not be significant for those
users with low willingness to take medicine. Therefore, reminder
systems are ineffective in stopping the decline in adherence in
MSM in the early stage.
Second, as we mentioned before, practice over many repetitions
can help develop habits. The increased level of early stage
adherence may be related to the reminder system that motivates
users to develop the habit of taking medicine. However,
repetitive activity eventually transforms the individual’s
cognitive control from a conscious to an automatic process [37].
This suggests that once a habit is formed, the act of taking
medicines shifts from a conscious motivated behavior to an
unconscious automatic one, which does not require external
reminders. This may lead to a less effective reminder system
in the midterm and late stages. Therefore, if the reminder system
is used for medicine management in the early stage, it can not
only promote the formation of medicine habits and improve
adherence among users but also make the use of reminder
systems more targeted and effective.
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In addition, while most participants expressed positive attitude
toward using the reminder system, a few expressed concerns
about this approach. Fear of privacy disclosure was the main
reason. For example, it is still possible for others to see the
messages after receiving it. Owing to the special nature of MSM
population, the difference in public awareness, and the
complexity of the public opinion environment, privacy
disclosure in this population may cause physical and
psychological harm and negative impact on personal life. Once
their privacy is leaked, they may face problems such as
discrimination, stigma, breakdown of social relationships, and
even experience anxiety, depression, and other psychological
disorders [38-40]. After receiving a reminder message, users
may be likely to quickly close the page to prevent it from being
seen by others. There are also some users who may unbind with
the backend system in order not to be discovered by their family
and friends. However, this may reduce the reminder system’s
effectiveness, resulting in poor performances in the midterm
and late stages. Thus, one of the most important aspects of
system optimization is the privacy protection of the users.
Moreover, as a new developed reminder system for improving
PrEP adherence, it does have some problems that were not
considered. For instance, what are the attitudes of users toward
this daily reminder? We do not have any surveys on this. Is the
frequency of the daily reminders feasible? Would it be more
effective to have a weekly reminder instead? It emphasizes the
necessity for more personalization. Administrators can
communicate with users face-to-face, design reminders to their
individual needs, set reminder frequency, and provide feedback
and corrections. It was also mentioned in an in-depth qualitative
interview that most users showed a strong preference for
feedback mechanisms [19]. The ability to respond and receive
information may help increase users’ motivation to participate
in the program and improve health outcomes. For example,
users can interact with the system, and the system will send
encouraging words like “Good job” after taking the medicine.
In addition, we can try to include health information and
education in the WeChat reminder messages, for example, the
risk of HIV infection if you do not use PrEP consistently. In
this way, we can increase the feedback from the system to the
users. The comments and suggestions provided by users provide
an important basis for understanding messaging preferences
and operating procedures, which further help managers optimize
text messages and overall implementation methods.
The reminder system has several advantages. First, although
the development and management of the reminder system is
challenging, the issue of message costs is fully considered
compared to SMS text messaging. Many literatures on SMS
text messaging usage do not focus on reducing message costs
[41,42], while the reminder system we use does not incur any
cost as long as it is bound to the backend system for the first
time. Second, according to previous studies, users prefer WeChat
as a platform for receiving information and interacting with
each other [25]. Compared to receiving text messages, app-based
reminders are visually and formally more vivid and interesting,
which provide a more convenient platform for our reminder
system and are more likely to inspire interest and confidence
in users. At the same time, preliminary experience with reminder
https://www.jmir.org/2022/8/e37936
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system practice suggests that given the widespread use of the
WeChat app compared to smartphones and other internet
resources, this reminder method may be a relatively simple,
convenient, and a quick tool to support HIV prevention efforts
among high-risk populations [17,43,44]. MSM may benefit
from a technology-based intervention that can also be integrated
into routine HIV education for high-risk populations. In addition
to PrEP, adherence also plays an important role in areas such
as HIV antiretroviral therapy, clinical research in traditional
Chinese medicine, and chronic diseases [45-47]. Therefore,
there is no denying the importance and potential applicability
of this reminder system for medicine adherence. The usage of
a reminder system not only promotes healthy medicine-taking
habits but also decreases the possibility of privacy breaches and
costs associated with long-term use. This system is expected to
be used on a broader scale after the improvements and upgrades,
with a focus on evaluating social and economic benefits as well
as targeted dissemination of health education.

Limitations
There were some limitations in this study. First, adherence was
measured by self-report. Owing to recall bias, inaccurate
reporting of adherence may occur [48,49]. However, it may also
have a social desirability bias, which will cause adherence to
be overestimated [50,51]. A previous study has also pointed out
that self-reported data may be reliable [52]. Second, the initial
design protocol for our study was a prospective cohort study
based on a randomized controlled trial in which study
participants were randomized to a no-reminder group and a
reminder group, and they started using the reminder system
once they entered the cohort. However, owing to the impact of
COVID-19, the reminder system’s development was delayed,
and a portion of the MSM was already recruited. Because of
the particularity and privacy of the MSM, finding eligible
participants was very difficult. To avoid attrition of the study
participants, we had to change the protocol to include the first
3 months of follow-up as the observation period without using
a reminder system. When the first 3-month follow-up visit was
conducted, the reminder system was initiated, which addressed
the problem of the reminder system’s development delay.
Nevertheless, this could have a potential impact on our results.
Since the study participants took the medicine 3 months in
advance, the efficacy of the reminder system was underestimated
as they may have developed good adherence during this time.
In addition, for the reminder group, we did not ask more
questions about the reminder messages. For example, did the
participants read the reminder messages every day? Therefore,
we were unable to perform a subgroup analysis to assess the
effect of different groups. Future studies could focus on more
detailed subgroups. Lastly, the specificity of MSM population
and the impact of COVID-19 posed significant challenges in
recruitment and the follow-up for our study; therefore,
longitudinal cohort maintenance in this population was not
optimistic.

Conclusions
Our study constructed a longitudinal cohort of PrEP adherence,
explored the factors associated with changes in adherence, and
further confirmed the effect of the WeChat-based reminder
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37936 | p.453
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system on improving PrEP adherence in the MSM population
in Western China. The effectiveness of the reminder system in
improving adherence is currently significant in the early stage,
which is considered to be related to the increased motivation
of the users and the development of medicine-taking habits.
Although it still can be improved and upgraded, there is no
denying the importance and potential applicability of this

Lin et al
reminder system for early-stage medicine management, which
can help users build medicine-taking habits and increase
adherence. Meanwhile, enhancing the privacy protection of
reminder system and providing more personalized services and
informative feedback are priorities for future studies, which will
help improve adherence in the MSM population and promote
PrEP implementation.
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Abstract
Background: Mental illness stigma has been a global concern, owing to its adverse effects on the recovery of people with
mental illness, and may delay help-seeking for mental health because of the concern of being stigmatized. With technological
advancement, internet-based interventions for the reduction of mental illness stigma have been developed, and these effects have
been promising.
Objective: This study aimed to examine the differential effects of internet-based storytelling programs, which varied in the
levels of interactivity and stigma content, in reducing mental illness stigma.
Methods: Using an experimental design, this study compared the effects of 4 storytelling websites that varied in the levels of
interactivity and stigma content. Specifically, the conditions included an interactive website with stigma-related content (combo
condition), a noninteractive website with stigma-related content (stigma condition), an interactive website without stigma-related
content (interact condition), and a noninteractive website without stigma-related content (control condition). Participants were
recruited via mass emails to all students and staff of a public university and via social networking sites. Eligible participants were
randomized into the following four conditions: combo (n=67), stigma (n=65), interact (n=64), or control (n=67). The participants
of each group viewed the respective web pages at their own pace. Public stigma, microaggression, and social distance were
measured on the web before the experiment, after the experiment, and at the 1-week follow-up. Perceived autonomy and
immersiveness, as mediators, were assessed after the experiment.
Results: Both the combo (n=66) and stigma (n=65) conditions were effective in reducing public stigma and microaggression
toward people with mental illness after the experiment and at the 1-week follow-up. However, none of the conditions had significant
time×condition effects in reducing the social distance from people with mental illness. The interact condition (n=64) significantly
reduced public stigma after the experiment (P=.02) but not at the 1-week follow-up (P=.22). The control condition (n=67) did
not significantly reduce all outcomes associated with mental illness stigma. Perceived autonomy was found to mediate the effect
of public stigma (P=.56), and immersiveness mediated the effect of microaggression (P=.99).
Conclusions: Internet-based storytelling programs with stigma-related content and interactivity elicited the largest effects in
stigma reduction, including reductions in public stigma and microaggression, although only its difference with internet-based
storytelling programs with stigma-related content was not statistically significant. In other words, although interactivity could
strengthen the stigma reduction effect, stigma-related content was more critical than interactivity in reducing stigma. Future
stigma reduction efforts should prioritize the production of effective stigma content on their web pages, followed by considering
the value of incorporating interactivity in future internet-based storytelling programs.
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Introduction
Mental Illness Stigma
According to the social cognitive model of stigma, mental illness
stigma is defined as having stereotypical thoughts, prejudicial
feelings, and discriminatory actions against people with mental
illness in situations with power differentials [1]. Mental illness
stigma is a global concern owing to its detrimental effects
imposed on people with mental illness across various life
domains (eg, education, housing, employment, and health care)
during their recovery and their willingness to seek help [1-3].
Given the possible negative impacts of mental illness stigma,
various approaches have been proposed to reduce it, with
education and contact being identified as the 2 most common
and effective approaches in inducing positive attitudinal changes
and reducing public stigma [4-7]. Knowledge enhancement
through psychoeducation can improve mental health literacy,
which corrects misunderstanding of mental health–related issues,
challenges stigmatizing beliefs, and supports recovery from
mental illness [7]. Contact is effective in confronting
stigmatization through an equal, interpersonal exchange that
fosters perspective taking and empathy [4]. The primary form
of contact is an in vivo one, which requires the person with
lived experience to share his or her experiences of mental illness
and stigmatization with an audience live. However, it can be
costly and taxing for speakers to share their experiences
repeatedly [8]. Hence, researchers have investigated the
possibilities of using parasocial contacts, which include
video-based, filmed, and web-based contacts [4,8-11]. These
have exhibited similar effects as were found with in vivo
contacts [4,11].

Internet-Based Stigma Reduction Interventions
Recently, internet-based programs addressing mental illness
stigma have been established worldwide owing to their low
cost, accessibility, and scalability [12-14]. Studies have shown
the effectiveness of internet-based stigma reduction programs
in the form of social media platforms, digital games, webinars,
filmed social contact, and websites [9,15-19]. Research has also
shown that internet-based and face-to-face stigma reduction
programs are equally effective [20,21]. Research has also found
increased empathy and reduced intergroup anxiety to be
significant mediators explaining the effects of interventions on
the reduction of mental illness stigma [22,23]. However, the
content and design of these internet-based stigma reduction
programs vary greatly, and limited efforts have been made to
investigate the common factors contributing to their
effectiveness.

their designs and have demonstrated positive results in reducing
mental illness stigma [24-28]. However, the types of interactivity
are diverse, and it is unknown whether the addition of
interactivity induces significant positive attitudinal changes that
should be valued. Despite the popularity of incorporating
elements of interactivity into websites to enhance the
engagement of users, there is minimal empirical work
investigating the effect of interactivity on stigma reduction.
Thus, rather than focusing on psychological variables (ie,
empathy and intergroup anxiety) as mediators (the effects of
which have been established), this study focused on the
mediators related to the form of interventions and aimed to
examine the differential effects of internet-based storytelling
programs with the presence or absence of interactivity and
stigma content in reducing mental illness stigma.

Stigma-Related Content
As previously mentioned, educating about mental illness and
fostering an understanding toward people with mental illnesses
helps individuals to clear misunderstandings and empathize
with their experiences [7]. Hence, it is pivotal to introduce
stigma-related content into stigma reduction programs. However,
research has shown significant positive attitudinal changes in
control conditions where stigma-related content is not present
[28,29]. Although the situation is rare, it is proposed that the
effect might be attributed to the social desirability effect and
priming effect in which people have been prompted to answer
questions related to mental illness attitudes at preassessment
[28,29]. In this study, stigma-related content was one of the
independent variables that accounted for this possible effect.
Despite some cases of stigma reduction in the absence of stigma
content, we hypothesized that the reduction of stigma will only
manifest in conditions with the presence of stigma content.

Storytelling
In previous research related to interventions aimed at reducing
mental illness stigma, the use of storytelling has demonstrated
significant reduction in stigma [24,28,30]. Corrigan and Kosyluk
[31,32] have identified three crucial components that make
storytelling effective in reducing mental illness stigma, namely
people with lived experience as storytellers, in-person story
delivery, and descriptions encompassing both ups and downs
on the recovery journey of mental illness. Disclosure from
storytellers enables people to understand the experience shared
in a deeper way with the aid of contexts and connection with
the storytellers [33]. Storytelling was found to be positively
related to people’s reflection, motivation, and engagement,
which not only allows people to have a better understanding of
people with mental illnesses cognitively but also cultivates
empathy in people [30].

In addition to incorporating the critical determinants, namely
education and contact, in stigma reduction, many internet-based
interventions have made use of interactivity and storytelling in
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Interactivity
Empirically, few studies have shown that communication using
interactive media could exert synergistic effects with education
in reducing stigmatizing attitudes toward people with mental
illness [26,27,34]. However, past efforts investigating
internet-based stigma reduction programs that have incorporated
interactivity have mainly used interactivity in different delivery
formats. For instance, a study allowed participants to choose
the sequence of reading materials but not the content [26].
Another study allowed individuals to undergo simulated contact
by using web-based interactions with avatars who shared their
emotional distress [27]. There is still a dearth of empirical
studies investigating the effects of interactivity in internet-based
stigma reduction programs.
Scholars have proposed that the effect might be attributed to
the inducement of positive affect during the processing of mental
illness information on the internet [26,35]. According to the
Systemic Thinking Model, in interactive environments,
interactivity allows individuals to be the agent and effect
physical environmental changes that best align with their
thinking needs and flow [36]. Individuals actively manipulate
information and receive contingent feedback, which facilitates
the encoding of new information [37]. In turn, information
processing and learning are facilitated [36]. Empirical research
has found that interactivity induces positive affect, including
increased satisfaction and pleasure [38]. Individuals tend to
favor interactive information through attitude transfer
mechanisms [39]. In addition, research shows that incidental
positive affect can reduce complex affective judgments toward
outgroup members and lead to more prosocial orientations [40].
These findings suggest that interactivity could lead to positive
affect and reduced stigmatizing attitudes toward people with
mental illness even without the presence of stigma content
aiming to correct misconceptions.
Interactivity is a favorable element in learning. McMillan
proposed four main types of interaction, namely user-to-user,
user-to-content, user-to-medium, and medium-to-medium
interactions [41]. Most internet-based programs have used
user-to-content interaction, where individuals can interact with
information on the internet [42]. Kim and Stout [26] examined
a type of user-to-content interaction by allowing individuals to
control the navigation sequence of web pages. In this study,
individuals interacted with the contents of web pages by
choosing their actions and responses, and the possible factors
mediating the interactivity effect were analyzed.

Possible Mechanisms of Change
Research has found interactivity to have a significant role in
improving information processing through enhanced motivation,
which facilitates stigma reduction [26]. Perceived autonomy
and immersiveness have been found to enhance motivation
[43,44]. Thus, they might be possible mediators of the effect of
interactivity although their relationships remain untapped.
Perceived autonomy refers to the perception of being the agent,
which makes one consider the experience and behavior as
concordant with one’s integrated sense of the self [45]. When
perceived autonomy is high, autonomy need satisfaction is
https://www.jmir.org/2022/8/e37973
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achieved and cognitive changes are facilitated [46]. By allowing
individuals to select their responses as an avatar on the website,
the heightened perceived autonomy might facilitate the
endorsement of responses and actions selected, which may foster
cognitive changes. Therefore, perceived autonomy might be a
possible mediator of cognitive changes that correct misbeliefs
about mental illnesses.
Immersiveness indicates the subjective feelings of participating
in a comprehensive and realistic experience [47]. Storytelling
has been evident in inducing immersiveness [48]. With higher
levels of immersiveness, individuals are driven to take in
messages conveyed in the story [49], which in turn leads to
cognitive and affective changes related to mental illness stigma
[50-53]. Interactivity also allows people to engage with the
content, which is also considered an immersive medium [47].
Thus, immersiveness was proposed to be another possible
mediator leading to stigma reduction.

Aims and Hypotheses
This experimental study aimed to investigate the effect of
internet-based storytelling programs on the manipulation of
stigma-related content and interactivity. We hypothesized that
an internet-based storytelling program with a combination of
interactivity and stigma content would lead to the most
significant reduction in public stigma, microaggression, and
social distance from people with mental illnesses, followed by
an internet-based storytelling program with stigma content only
and interactivity only, compared with the control group. Second,
we hypothesized that the effects observed in stigma reduction
would be mediated by perceived autonomy and immersiveness
owing to the presence of interactivity.

Methods
Study Design
This experimental study compared the following four
internet-based storytelling programs: an interactive stigma
content website (combo condition), a noninteractive stigma
content website (stigma condition), an interactive nonstigma
content website (interact condition), and a noninteractive
nonstigma content website (control condition).

Ethics Approval
Ethics approval for behavioral research was obtained from the
Survey and Behavioral Research Ethics Committee of the
Chinese University of Hong Kong, and the study was registered
on ClinicalTrials. gov (NCT05333848). The findings of this
study were reported in accordance with the recommendations
of the CONSORT (Consolidated Standards of Reporting Trials)
guidelines.

Participants
This study targeted people who were aged ≥18 years and able
to read and understand Chinese. Recruitment was performed
by sending mass emails to students and staff of a public
university in Hong Kong and by posting advertisements on
social media. Individuals who were interested in participating
in the study visited the registration link, where they were
screened through a web-based survey on basic contact
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information and age. The experimenter (THCF) then provided
eligible individuals a Zoom (Zoom Video Communications Inc)
appointment link, where individuals indicated their preferred
day and time to participate in the experiment. A Zoom link was
provided to individuals upon the completion of their booking.
At the scheduled Zoom experimental session, participants were
given detailed information about the study aims, length of the
program, and participant involvement. Participants provided
informed consent by checking the I agree button at the end of
the study description page. Afterward, participants received
another web-based questionnaire link to complete the
pre-experiment questionnaire. The participants were randomly
assigned to 1 of the 4 experimental conditions through block
randomization. Participants completed the pre-experiment,
postexperiment, and 1-week follow-up questionnaires on the
web.

Storytelling Programs
The four internet-based storytelling programs were administered
via the internet with 4 different web pages that were displayed
in the Chinese language. The design of the web pages, including
the story content and the use of graphics, was created to appeal
widely to the adult population without catering specifically to
a certain gender or age group. The Amazing Adventure Against
Stigma website [54] was used in the experimental study for the
combo and stigma conditions. Animation with fictional
backgrounds (eg, mountains, canyons, and safari) and avatars
of diverse body types, height, skin color, and gender-neutral
hairstyle and clothing were used to minimize the effect of
cultural and environmental effects that may be more prominent
in using real persons and real settings on the participants and
to maximize the possibility of adults with diverse backgrounds
relating to the avatars. It is also easier and more economical to
create control animations by using existing software than to
produce videos with real people in real-life settings. Each web
page took approximately 20 minutes to browse through. The
presence or absence of interactivity and the presence or absence
of stigma content were manipulated on the four web pages. All
web pages involved a story. For the combo and stigma
conditions, the story was identical, which was about the journey
of a person experiencing mental illness stigma. For the interact
and control conditions, the story was also identical and
nonstigma related, illustrating the typical day of a person.
Interactivity was manipulated by adding interactive elements
to the combo and interact conditions, where participants could
choose their actions and responses on web pages. In these 2
conditions, the participants had internet-based contact with the
protagonist in the story, where they learned about the life
experiences of the protagonist through the story portrayed on
the web pages. Contact and interaction with the protagonist
were in the moment as the story regarding the lived experience
of the protagonist unfolded along the journey and the
participants chose their responses to continue their interaction
with the protagonist. The story content in the combo and stigma
conditions was organized based on the disclosure of a person
with a lived experience of mental illness. The person with a
lived experience of mental illness accompanied participants to
visualize their microaggressive encounters in various life
domains (eg, work, family, and social circle) and the public’s
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misunderstanding of mental illness with the aid of visual images
on the web page. The story also incorporated messages about
the interconnection between people with or without mental
illness. The selection of the aforementioned story content was
based on the previous identification of both education and
contact as the most effective approaches for inducing stigma
reduction [4-7].
The story content in the interact and control conditions
formulated a typical day for a person, which began with the
morning routine, followed by having breakfast, going to work,
working encounters, and ending the day. The ordinary storyline
was created to minimize affective arousal and, in turn, minimize
influences on judgment and decision-making according to the
affect-as-information framework proposed by Storbeck and
Clore [55]. At the end of each web page experience, participants
were provided with a questionnaire link that measured
microaggression, public stigma, social distance from people
with mental illness, perceived autonomy, and immersiveness.
One week after the experimental session, participants completed
a follow-up questionnaire assessing microaggression, public
stigma, and social distance from people with mental illness.
Finally, participants were debriefed. Participants could not
reaccess the contents of the web pages after the experimental
session. Screenshots of the web page interventions are provided
in Multimedia Appendix 1.

Measures
Baseline Measures
At baseline, participants provided demographic and background
information, including age, gender, education level, religion,
and previous experience with mental illness.

Contact With People Having Mental Illness
To assess one’s previous experience with mental illness, the
Level of Contact Report [56] was used, where participants
indicated whether they had the experiences reported in the 12
items such as “I have watched a movie or television show in
which a character depicted a person with mental illness” and “I
have observed persons with a severe mental illness on a frequent
basis.” Higher scores indicated higher levels of previous contact
with people with mental illnesses.

Mental Illness Stigma Measures
Public Stigma Toward People With Mental Illness
The 21-item Public Stigma Scale-Mental Illness-Short Version
[57] was used to assess public stigma regarding mental illness
and personal advocacy. Each item was rated on a 6-point Likert
scale ranging from 1 (strongly disagree) to 6 (strongly agree).
Sample items included “People with mental illness are a burden
to society” (public stigma) and “I wholeheartedly fight for the
rights of people with mental illness” (personal advocacy).
Reverse scoring was performed for personal advocacy items.
Higher scores indicate higher levels of public stigma. In this
study, its Cronbach α values were .93, .95, and .94 at baseline,
after the experiment, and at the 1-week follow-up, respectively.
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Microaggression
Microaggression was measured using the 17-item Mental Illness
Microaggressions Scale [58], which covers the assumption of
inferiority, patronization, and fear of mental illness. Each item
was rated on a 4-point Likert scale ranging from 1 (strongly
disagree) to 4 (strongly agree). Sample items included “If
someone I’m close to told me that they had a mental illness
diagnosis, I would expect them to have trouble understanding
some things” (assumption of inferiority), “If someone I’m close
to told me that they had a mental illness diagnosis, I would give
them advice on how to remain stable” (patronization), and “If
I saw a person who I thought had a mental illness in public, I
would keep my distance from them” (fear of mental illness).
Higher scores indicate higher levels of microaggression. In this
study, the Cronbach α values of the Mental Illness
Microaggressions Scale were .78, .86, and .87 at baseline, after
the experiment, and at the 1-week follow-up, respectively.
Social Distance From People With Mental Illness
The 8-item Social Distancing Scale [57] was used to measure
the behavioral intention to maintain social distance from people
with mental illness. Participants rated the extent to which they
endorsed each item from 1 (very willing) to 6 (very unwilling)
on items such as “Assuming you have children, you will let
persons with mental illnesses take care of your children” and
“You will work with persons with mental illnesses in the same
institution.” In this study, its Cronbach α values were .83, .88,
and .86, at baseline, after the experiment, and at the 1-week
follow-up, respectively.

Mediators Measures
Perceived Autonomy
To assess the perceived autonomy of the web page experience,
the 10-item Self-Determination Scale [59] was used in the
postexperiment questionnaire. Each item was a pair of opposite
statements, in which participants rated their level of perceived
choice and self-awareness with a slider from 1 (only A feels
true) to 5 (only B feels true). Sample items included item—“A.
During this web page experience, I always feel like I choose
the things I do. B. During this web page experience, I sometimes
feel that it’s not really me choosing the things I do” (perceived
choice)—and item 2—“A. During this web page experience,
my emotions sometimes seem alien to me. B. During this web
page experience, my emotions always seem to belong to me”
(self-awareness). Reverse scoring was performed for perceived
choice items. In this study, its Cronbach α was .89 after the
experiment.
Immersiveness
The 15-item Transportation Scale [60] was used to assess
participants’ immersiveness in the web experience. It used a
4-point Likert scale ranging from 1 (very much) to 4 (not at all)
for items such as “I could picture myself in the scene of the
events described in the web page.” The last 4 items were adapted
to suit the experimental conditions. In the combo and stigma
conditions, the last four items were “While reading the web
page, I had a vivid image of the avatar representing me”; “While
reading the web page, I had a vivid image of the host”; “While
reading the web page, I had a vivid image of the journey”; and
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“While reading the web page, I had a vivid image of the
dialogue.” In the interact and control conditions, the last four
items were “While reading the web page, I had a vivid image
of the avatar representing me”; “While reading the web page,
I had a vivid image of my home”; “While reading the web page,
I had a vivid image of my breakfast”; and “While reading the
web page, I had a vivid image of my office.” Items 2, 5, and 9
were framed negatively. All the items were scored in the
direction that higher scores indicate higher levels of
immersiveness. In this study, its Cronbach α was .84 after the
experiment.

Data Analysis
All analyses were conducted using SPSS (version 27.0; IBM
Corporation) and the moderation and mediation plug-in
PROCESS. Categorical chi-square and 1-way ANOVA were
used to examine baseline differences among the experimental
conditions. Repeated measures ANOVA with Bonferroni
adjustment and post hoc analysis were conducted to detect
significant interaction effects between condition and time to
see if conditions showed significant reduction in all mental
illness stigma outcomes across the 3 time points. Mediation
analysis was conducted using PROCESS model 4 to investigate
the relationship of possible mediators, perceived autonomy, and
immersiveness, with all outcomes at follow-up assessment.

Results
Participant Characteristics
A total of 263 participants were recruited for this study and
completed the experimental session, pre-experiment and
postexperiment questionnaires. All but 1 participant (262/263,
99.6%) completed the 1-week follow-up questionnaire. The
procedure of the study is illustrated in Figure 1. Demographics
and baseline characteristics of 263 participants were analyzed,
and data from 262 participants were analyzed using repeated
measures ANOVA and mediation analyses. The mean age of
the participants was 22.56 (SD 6.16) years. Most of the study
participants were women (182/263, 69.2%). The participants
were predominantly university students (227/263, 86.3%), with
74.9% (197/263) being undergraduates. Among the 197
undergraduate students, 11.8% (31/197) were in year 1, 17.1%
(45/197) in year 2, 22.8% (60/197) in year 3, 20.5% (54/197)
in year 4, 1.9% (5/197) in year 5, and 0.8% (2/197) in year 6.
The other detailed demographics and baseline characteristics
of the participants are presented in Table 1.
Across the four conditions, significant gender differences were
found (χ23=10.0; P=.02). The control condition had a higher
women-to-men ratio than the other 3 conditions. A significant
difference in age across conditions was also found in the 1-way
ANOVA (F3,259=3.28; P=.02). A correlation analysis was
performed to investigate whether gender and age were correlated
with mental illness stigma outcomes. Age was not correlated
with any of the outcomes, including public stigma (r=−0.02;
P=.81), microaggression (r=−0.02; P=.74), and social distance
(r=0.08; P=.18). Gender was weakly correlated with public
stigma (r=−0.14; P=.02) and microaggression (r=−0.12; P=.05)
but not with social distance (r=−0.01; P=.84). No other
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significant differences in demographic characteristics were
found. In terms of participants’ previous experiences with mental
illness, no significant differences were found across the
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conditions. Given the baseline difference in gender across
conditions, gender was included as a covariate in subsequent
analyses.

Figure 1. CONSORT (Consolidated Standards of Reporting Trials) diagram of participant recruitment. Combo condition: interactivity present; stigma
content present. Control condition: interactivity absent; stigma content absent. Interact condition: interactivity present; stigma content absent. Stigma
condition: interactivity absent; stigma content present.
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Table 1. Baseline characteristics across conditions.
Characteristics

Combo conditiona (n=67) Stigma conditionb (n=65) Interact conditionc (n=64) Control conditiond (n=67)

Age (years), mean (SD)

22.49 (6.33)

24.49 (8.34)

21.89 (3.95)

21.39 (4.78)

Men

27 (40)

23 (35)

20 (31)

11 (16)

Women

40 (60)

42 (65)

44 (69)

56 (84)

Diploma, certificate, or associate 1 (2)
degree

3 (5)

0 (0)

3 (5)

Bachelor’s degree

52 (78)

42 (65)

48 (75)

55 (82)

Master’s degree

4 (6)

6 (9)

9 (14)

2 (3)

Doctoral degree

0 (0)

1 (2)

0 (0)

1 (2)

2 (3)

4 (6)

0 (0)

0 (0)

Diploma, certificate, or associate 3 (5)
degree

0 (0)

0 (0)

1 (2)

Bachelor’s degree

3 (5)

3 (5)

4 (6)

5 (8)

Master’s degree

2 (3)

5 (8)

2 (3)

0 (0)

Doctoral degree

0 (0)

1 (2)

1 (2)

0 (0)

No religion

53 (79)

52 (80)

49 (77)

43 (64)

Buddhism

0 (0)

1 (2)

1 (2)

1 (2)

Catholicism

0 (0)

1 (2)

1 (2)

2 (3)

Christianity

13 (19)

9 (14)

13 (20)

20 (30)

Taoism

1 (2)

2 (3)

0 (0)

0 (0)

Others

0 (0)

0 (0)

0 (0)

1 (2)

Heterosexual

64 (96)

56 (86)

59 (92)

65 (97)

Homosexual

0 (0)

6 (9)

1 (2)

0 (0)

Bisexual

3 (5)

2 (3)

1 (2)

0 (0)

Pansexual

0 (0)

0 (0)

1 (2)

1 (2)

Others

0 (0)

1 (2)

2 (3)

1 (2)

2.43 (1.00)

2.20 (0.93)

2.22 (1.00)

Gender, n (%)

Student: current educational level, n (%)

Nonstudent: educational attainment, n (%)
Secondary (form 1-6 or 7)

Religion, n (%)

Sexual orientation, n (%)

Level of previous contact with people 2.52 (1.26)
having a mental illness, mean (SD)
a

Interactivity present; stigma content present.

b

Interactivity absent; stigma content present.

c

Interactivity present; stigma content absent.

d

Interactivity absent; stigma content absent.

Mental Illness Stigma Measures
Public Stigma Toward People With Mental Illness
Results from the repeated measures ANOVA indicated a
significant time×condition effect (P=.002; η2=0.04), and a post
hoc analysis was conducted. In the combo condition, public
stigma significantly decreased from baseline to after the
assessment (mean difference 0.61, 95% CI 0.49-0.74; P<.001;
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η2=0.37), and the decrease was maintained at the 1-week
follow-up (mean difference 0.53, 95% CI 0.37-0.69; P<.001;
η2=0.37). In the stigma condition, public stigma also
significantly decreased from baseline to after the assessment
(mean difference 0.42, 95% CI 0.30-0.55; P<.001; η2=0.22),
and the decrease was maintained at the 1-week follow-up (mean
difference 0.34, 95% CI 0.18-0.50; P<.001; η2=0.22). In the
interact condition, public stigma significantly decreased from
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baseline to after the assessment (mean difference 0.14, 95% CI
0.02-0.26; P=.02; η2=0.03), but the effect was not sustained at
the 1-week follow-up (mean difference 0.12, 95% CI −0.04 to
0.28; P=.22; η2=0.03). In the control condition, the effect was
not significant from baseline to after the assessment (mean
difference 0.07, 95% CI −0.06 to 0.20; P=.56; η2=0.01) and
from baseline to 1-week follow-up (mean difference 0.09, 95%
CI −0.08 to 0.26; P=.57; η2=0.01). In terms of mean difference
values, the results indicated that the effect was the strongest in
the combo condition, followed by the stigma and interact
conditions. An additional post hoc analysis was carried out to
compare combo and stigma conditions; the interaction effect
between interactivity and stigma content was not significant
(P=.09).

Microaggression
The results showed a significant time×condition effect (P<.001;
η2=0.06), and a post hoc analysis was carried out.
Microaggression significantly decreased from baseline to after
the assessment in both the combo (mean difference 0.34, 95%
CI 0.25-0.42; P<.001; η2=0.31) and stigma (mean difference
0.28, 95% CI 0.19-0.36; P<.001; η2=0.24) conditions. The
effects were sustained and strengthened at the 1-week follow-up
in both conditions (combo: mean difference 0.39, 95% CI
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0.29-0.49; P<.001; η2=0.31; stigma: mean difference 0.33, 95%
CI 0.23-0.43; P<.001; η2=0.24). In the interact condition, the
effect was not significant from baseline to after the assessment
(mean difference 0.03, 95% CI −0.05 to 0.12; P=.99; η2=0.01)
and from baseline to 1-week follow-up (mean difference 0.06,
95% CI −0.04 to 0.16; P=.40; η2=0.01). In the control condition,
the effect was also not significant from baseline to after the
assessment (mean difference 0.03, 95% CI −0.06 to 0.12; P=.99;
η2=0.01) and from baseline to 1-week follow-up (mean
difference −0.04, 95% CI −0.15 to 0.07; P=.99; η2=0.01). The
results indicated that the effect of the combo condition was
stronger than that of the stigma condition in terms of mean
difference values. No significant interaction effect between
interactivity and stigma content was found (P=.58) after
performing an additional post hoc analysis to compare the combo
and stigma conditions.

Social Distance From People With Mental Illness
The results showed a nonsignificant time×condition effect
(P=.25; η2=0.02). The additional post hoc analysis comparing
the combo and stigma conditions showed no significant
interaction effect between interactivity and stigma content
(P=.46). The details of the repeated measures ANOVA are
shown in Table 2.

Table 2. Imputed values of means and SDs across conditions.
Combo conditiona (n=66),
mean (SD)

Stigma conditionb (n=65),
mean (SD)

Interact conditionc (n=64),
mean (SD)

Control conditiond (n=67),
mean (SD)

Baseline

2.85 (0.66)

2.68 (0.75)

2.83 (0.72)

2.81 (0.72)

After the experiment

2.24 (0.66)

2.25 (0.73)

2.69 (0.80)

2.73 (0.75)

1-week follow-up

2.33 (0.78)

2.33 (0.74)

2.71 (0.74)

2.75 (0.72)

Baseline

2.45 (0.37)

2.44 (0.36)

2.46 (0.32)

2.41 (0.38)

After the experiment

2.13 (0.45)

2.17 (0.44)

2.43 (0.37)

2.39 (0.42)

1-week follow-up

2.06 (0.43)

2.12 (0.49)

2.40 (0.33)

2.45 (0.40)

Baseline

2.39 (0.48)

2.28 (0.50)

2.35 (0.49)

2.38 (0.51)

After the experiment

1.98 (0.57)

1.97 (0.51)

2.36 (0.48)

2.35 (0.51)

1-week follow-up

2.13 (0.53)

2.07 (0.61)

2.41 (0.48)

2.40 (0.53)

Public stigma

Microaggression

Social distance

a

Interactivity present; stigma content present.

b

Interactivity absent; stigma content present.

c

Interactivity present; stigma content absent.

d

Interactivity absent; stigma content absent.

Mediating Analysis
To compare the mediation effect of perceived autonomy and
immersiveness between conditions with public stigma and
microaggression, mediation analyses were performed by
incorporating both perceived autonomy and immersiveness into
PROCESS model 4. Table 3 shows the unstandardized and
standardized factor loadings for the model. A mediation model
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of perceived autonomy and immersiveness between conditions
with public stigma and microaggression is shown in Figure 2.
Mediation analysis for social distance was not conducted,
because no interaction effect was observed in the social distance
across conditions.
We observed significant indirect effects of the combo (b=−0.19,
bias-corrected and accelerated [BCa] CI −0.36 to −0.03), stigma
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(b=−0.15, BCa CI −0.29 to −0.02) and interact (b=−0.16, BCa
CI −0.32 to −0.02) conditions on public stigma through
perceived autonomy. The nonsignificant indirect effects of the
combo (b=−0.13, BCa CI −0.30 to 0), stigma (b=−0.13, BCa
CI −0.30 to 0), and interact (b=−0.07, BCa CI −0.16 to 0)
conditions on public stigma through immersiveness were
observed. The results showed that perceived autonomy was a
significant mediator between the conditions and public stigma.
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We observed nonsignificant indirect effects of the combo
(b=0.07, BCa CI −0.03 to 0.17), stigma (b=0.05, BCa CI −0.03
to 0.14), and interact (b=0.06, BCa CI −0.03 to 0.15) conditions
on microaggression through perceived autonomy. The indirect
effects of the combo (b=−0.13, BCa CI −0.23 to −0.06), stigma
(b=−0.13, BCa CI −0.23 to −0.05), and interact (b=−0.07, BCa
CI −0.13 to −0.02) conditions on microaggression through
immersiveness was significant. The results showed that
immersiveness was a significant mediator between the
conditions and microaggression.

Table 3. Unstandardized and standardized parameter estimates for the hypothesized model.
Unstandardized B (SE)

Standardized β

t value (df)

P value

Combo →perceived autonomy

1.20 (0.13)

1.42

9.53 (257)

<.001

Combo→immersiveness

0.53 (0.07)

1.21

7.81 (257)

<.001

Combo→public stigma

−0.18 (0.15)

−.23

−1.18 (255)

.24

Combo→microaggression

−0.35 (0.09)

−.78

−4.07 (255)

<.001

Stigma →perceived autonomy

0.94 (0.13)

1.11

7.50 (257)

<.001

Stigma→immersiveness

0.53 (0.07)

1.20

7.80 (257)

<.001

Stigma→public stigma

−0.20 (0.15)

−.26

−1.37 (255)

.17

Stigma→microaggression

−0.28 (0.08)

−.61

−3.33 (255)

<.001

Interactc→perceived autonomy

1.04 (0.13)

1.23

8.30 (257)

<.001

Interact→immersiveness

0.26 (0.07)

.60

3.87 (257)

<.001

Interact→public stigma

0.14 (0.14)

.19

1.01 (255)

.31

Interact→microaggression

−0.06 (0.08)

−.14

−0.78 (255)

.44

Gender→perceived autonomy

0.25 (0.10)

.14

2.59 (257)

.01

Gender→immersiveness

0.07 (0.05)

.07

1.30 (257)

.19

Gender→public stigma

−0.24 (0.10)

−.14

−2.38 (255)

.02

Gender→microaggression

−0.09 (0.06)

−.09

−1.57 (255)

.12

Perceived autonomy→public stigma

−0.16 (0.07)

−.17

−2.27 (255)

.02

Perceived autonomy→microaggression

0.05 (0.04)

.10

1.39 (255)

.16

Immersiveness→public stigma

−0.25 (0.13)

−.14

−1.97 (255)

.05

Immersiveness→microaggression

−0.25 (0.07)

−.24

−3.46 (255)

<.001

Parameter estimates (structural model)
a

b

a

Interactivity present; stigma content present.

b

Interactivity absent; stigma content present.

c

Interactivity present; stigma content absent.
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Figure 2. A mediation model of perceived autonomy and immersiveness among conditions. The numbers in brackets denote the total effect, solid lines
indicate statistically significant paths, and dotted lines denote nonsignificant paths. Only the main variable is included in the figure for simplicity. Combo
condition: interactivity present; stigma content present. Interact condition: interactivity present; stigma content absent. Stigma condition: interactivity
absent; stigma content present. *P<.05, **P<.01, ***P<.001.

Discussion
Principal Findings
This study investigated the effect of internet-based storytelling
programs with a combination of stigma content and interactivity
on mental illness stigma reduction. Multiple forms of mental
illness stigma were accounted for, including public stigma
toward people with mental illness, microaggression, and social
distance from people with mental illness.
The results supported our hypothesis that an internet-based
storytelling program with a combination of stigma content and
interactivity was able to significantly reduce public stigma and
microaggression immediately after the experiment and at the
1-week follow-up assessment. Contrary to our hypothesis, an
internet-based storytelling program with a combination of stigma
content and interactivity did not significantly reduce the social
distance from people with mental illness. In other words, the
storytelling program was more effective in improving
individuals’ stigmatizing cognitions, sense of personal advocacy
[4], and microaggressions centering around their everyday
conversations and encounters in daily life [61] than in enhancing
their willingness and intention to behaviorally interact with
people with mental illness in various life domains [62].
Nevertheless, the results showed that an internet-based
storytelling program with stigma content alone could also lead
to a reduction in public stigma and microaggression. Comparing
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the significant effects elicited by the 2 different internet-based
storytelling programs, the one with a combination of stigma
content and interactivity produced a stronger effect after the
assessment and at the 1-week follow-up assessment than that
with stigma content only. These results were consistent with
the findings of previous studies showing that internet-based
stigma reduction interventions with a combination of
interactivity and stigma content can lead to more effective
stigma reduction [26]. The results reinforce the importance of
correcting stigmatizing misperceptions in diminishing stigma
[55,63]. Interestingly, the internet-based storytelling program
with interactivity only was also found to reduce public stigma
after the assessment although the effect could not be maintained
after 1 week. This might support our assumption of a positive
relationship between interactivity and positive affect and
between positive affect and reduced prejudice [37,40]. Further
studies are required to examine these relationships.
Moreover, although perceived autonomy could mediate the
effect of conditions on public stigma, immersiveness could
mediate the effect of conditions on microaggression. In previous
findings, perceived autonomy was associated with the
endorsement of the selected responses and actions and cognitive
changes [46]. This might demonstrate that cognitive changes
are essential for reducing public stigma. On the contrary,
immersiveness could facilitate cognitive and affective changes
[50-52], which might expedite people to have more intended
changes in ameliorating everyday microaggressions. Social
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distance posited the focus on one’s behavioral intention toward
people with mental illness in various dimensions [62], which
may have more long-term implications to their life domains (eg,
friendship and employment); the short-term sense of choice and
immersiveness in storytelling programs may not be sufficient
to bring about changes in social distance.
In addition, this study showed that a storytelling program with
stigmatized content but without interactivity could also enhance
perceived autonomy and immersiveness. These findings align
with the literature showing that stigma content with storytelling
elements, which served as an internet-based contact with people
with lived experiences, was effective in inducing immersiveness
[24,28,30]. The inducement of perceived autonomy with the
story was outstanding, whereas the effect might be due to the
application of a conversational storyline, which allowed one to
feel like interacting with the protagonist even without choosing
responses and actions. Thus, storytelling in the form of
conversations alone might already provide an effective means
for participants to immerse themselves and feel a sense of
agency.
The superior effect of an internet-based storytelling program
with a combination of interactivity and stigma content over the
one with stigma content only was not explained by the
interaction effect between interactivity and stigma content.
Stigma content was a more important criterion than interactivity
in inducing stigma reduction. The addition of interactivity was
only supplementary to boosting the stigma reduction effect. The
results confirmed previous suggestions that enhanced motivation
through perceived autonomy and immersiveness would lead to
enhanced stigma reduction [43,44]. This study provides
empirical support for the rationale behind the use of
internet-based storytelling programs, especially for those with
stigma-related stories and interactivity.

Limitations and Future Directions
This study has some limitations that deserve attention. First,
our sample mainly consisted of young university students. These
findings may not be generalizable to other populations. In social
marketing, segmentation of our target population is essential.
This study showed that internet-based antistigma storytelling
programs with interactivity may be an effective tool in reducing
mental illness stigma for young, educated people in the
community who are comfortable and skillful in accessing
information over the internet. Furthermore, because of the
homogeneous nature of our sample, moderation analysis was
not performed. Future studies should explore possible
moderators of the effect of internet-based stigma reduction
interventions, such as gender, age, and education level.
Second, this study did not include a long-term follow-up. Only
a 1-week follow-up assessment was included to investigate
whether the mediation effect could be sustained for a week to
draw possible mediating mechanisms behind the effect of
internet-based stigma reduction interventions. It could capture
the short-term effect of the intervention but was incapable of
predicting the long-term maintenance effect of stigma reduction
[64]. However, the long-term effect must be tested to provide
insights into developing sustainable and effective stigma
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reduction interventions. It is unknown whether an internet-based
storytelling program with a combination of interactivity and
stigma content could impose a more prolonged stigma reduction
effect when than a program with stigma content only. To
examine the stigma reduction effect of various internet-based
storytelling programs over time, future research should lengthen
its follow-up.
Third, this study lacked behavioral measures but solely used
self-report measures that tapped into the thoughts, affect, and
behavioral intentions of the participants. Although the measures
used have been empirically validated, future studies aiming to
examine stigma change should also use behavioral measures,
such as the inclusion of offering payment for completing
questionnaires and the option of donating the payment to a
mental health charity, in addition to self-report measures to
bolster the findings.
The necessary intensity of storytelling and interactivity to
strengthen the stigma reduction effect should also be
investigated. Research has shown that placing individuals in a
highly immersive environment might lead to worsening attitudes
[65], which varies according to the degree of identification with
the embodied target [66]. Therefore, the degree of
immersiveness elicited should be considered. In addition, future
studies can explore how individual differences, such as the
baseline level of empathy, may influence intervention benefits,
as internet-based interventions with different adaptations might
cater to different segments of the population. People with
different levels of dispositional empathy may have variable
receptivity to internet-based storytelling programs, and matching
their styles with this approach may maximize the outcomes.
Finally, this study suggests that increased perceived autonomy
and immersiveness could strengthen the stigma reduction effect
in internet-based storytelling programs with interactivity and
stigma content. With the advancement in virtual reality
technology and the sense of embodiment and story transportation
being found to mediate public stigma reduction [67], future
studies can consider comparing virtual reality–based and
internet-based stigma reduction programs to shed light on which
delivery methods are more effective and cost-effective in
reducing mental illness stigma.

Conclusions
In sum, this study showed that internet-based storytelling
programs with a combination of interactivity and stigma content
are effective in reducing mental illness stigma, and perceived
autonomy and immersiveness are significant mechanisms in
the stigma reduction process. The findings of this study are
encouraging and support the possible mechanisms behind the
effects of internet-based storytelling programs. Furthermore,
the study upholds the gravity of stigma content, as the strength
of interactivity in reducing mental illness stigma can only be
manifested in the presence of stigma content. To leverage the
power of technology in reducing mental illness stigma, it is
paramount for antistigma campaigns to incorporate these active
ingredients into the design of antistigma interventions to create
low-cost, effective, and scalable internet-based stigma reduction
programs.
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Abstract
Background: App-based interventions provide a promising avenue for mitigating the burden on mental health services by
complimenting therapist-led treatments for anxiety. However, it remains unclear how specific systems’ use of app features may
be associated with changes in mental health outcomes (eg, anxiety and worry).
Objective: This study was a secondary analysis of engagement data from a stage 1 randomized controlled trial testing the impact
of the Unwinding Anxiety mobile app among adults with generalized anxiety disorder. The aims of this study were 2-fold: to
investigate whether higher microengagement with the primary intervention feature (ie, educational modules) is associated with
positive changes in mental health outcomes at 2 months (ie, anxiety, worry, interoceptive awareness, and emotional reactivity)
and to investigate whether the use of adjunctive app features is also associated with changes in mental health outcomes.
Methods: We analyzed the intervention group during the stage 1 trial of the Unwinding Anxiety mobile app. The total use of
specific mobile app features and the use specific to each feature were calculated. We used multivariate linear models with a priori
significance of α=.05 to investigate the impact of cumulative app use on anxiety, worry, interoceptive awareness, and emotional
regulation at 2 months, controlling for baseline scores, age, and education level in all models. Significant relationships between
system use metrics and baseline participant characteristics were assessed for differences in use groupings using between-group
testing (ie, 2-tailed t tests for continuous data and chi-square analyses for categorical data).
Results: The sample was primarily female (25/27, 93%), and the average age was 42.9 (SD 15.6) years. Educational module
completion, the central intervention component, averaged 20.2 (SD 11.4) modules out of 32 for the total sample. Multivariate
models revealed that completing >75% of the program was associated with an average 22.6-point increase in interoceptive
awareness (b=22.6; SE 8.32; P=.01; 95% CI 5.3-39.8) and an 11.6-point decrease in worry (b=−11.6; SE 4.12; P=.01; 95% CI
−20.2 to −3.1). In addition, a single log unit change in the total number of meditations was associated with a 0.62-point reduction
in the Generalized Anxiety Disorder-7 scale scores (b=0.62; SE 0.27; P=.005; 95% CI −1.2 to −0.6), whereas a single log unit
use of the stress meter was associated with an average of a 0.5-point increase in emotional regulation scores (Five Facet Mindfulness
Questionnaire; b=0.5; SE 0.21; P=.03; 95% CI 0.1-0.9).
Conclusions: This study offers a clearer understanding of the impact of engagement with app features on broader engagement
with the health outcomes of interest. This study highlights the importance of comprehensive investigations of engagement during
the development of evidence-based mobile apps.
(J Med Internet Res 2022;24(8):e33696) doi:10.2196/33696
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anxiety; worry; engagement; mobile app; mental health; mobile phone
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Introduction
Background
As anxiety disorders (ADs) increase worldwide [1-5], app-based
interventions offer evidence-based, high-fidelity treatment
options [6] with incredible potential and comparable effects
with traditional treatment models in efficacy trials [7]. Several
recent meta-analyses that assessed app-based interventions for
anxiety have indicated a growing evidence base [7-9]. A recent
2021 Nature review (k=22) [10] found significant but small
effect sizes on anxiety symptomatology (Hedges g=0.2888;
P<.001). These interventions can fill an important treatment
gap, mitigate the growing burden on providers [11,12], and
reduce barriers to care (eg, time, cost, and stigma) [13].
However, app-based interventions for AD often have low levels
of user engagement, which reduces their efficacy and inhibits
broader health care implementation [14]. To capitalize on the
benefits of these interventions, engagement needs to be
effectively understood and analyzed [10]. Specifically, research
identifying the optimal levels of engagement with app-based
interventions and the effects of various app features on
anxiety-related outcomes is critical to realizing their full
potential as treatments for AD [15-17].
To date, research on engagement remains limited and is often
not assessed, as app-based interventions are still largely analyzed
using conventional methods (eg, intent to treat) [18]. This
method evaluates the effect of assignment to treatment (ie, the
effect of being randomized to a group) instead of the direct
effect associated with the app features that were actually used
during the intervention [18]. Analyzing which features the user
engages with is critical to designing personalized, effective
interventions [14] and allows researchers to understand which
in-app features drive changes in health outcomes [14,19].
Understanding engagement is also important for app
development; specifically, it contributes fundamental
information toward identifying the optimal intervention dose
[17], streamlining inefficiencies [20], and tailoring apps to
specific clinical populations [21]. Recognizing the importance
of information on engagement, research is increasingly
prioritizing the investigation of the relationship between
engagement and improvements in mental health outcomes
[10,16,22,23]. Encouragingly, in one of the first meta-analyses
examining the effect of engagement on health outcomes, Gan
et al [24] (k=25) found significant moderate improvements in
postintervention symptomatology for participants categorized
as having higher engagement than participants with lower levels
of engagement (Hedges g=0.40; SE 0.16; 95% CI 0.097-0.705;
P=.01). Although only 5 studies were designed to target AD,
the effects indicated a significant positive association between
engagement and anxiety (r=0.33; 95% CI 0.24-0.41; P<.001)
[24]. This work is promising; however, the field remains
preliminary and requires additional research to enhance the
growing understanding of the associations between engagement
with app-based interventions and anxiety [25-27].
Inconsistency in the definition and measurement of engagement
is an ongoing challenge associated with analyzing the construct
within this promising preliminary research [24]. Engagement
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can be broadly conceptualized as “(1) the extent (eg, frequency,
duration) of usage; and (2) a subjective experience characterized
by affect, attention, and interest” [28], as it relates to subsequent
changes in the targeted health behavior (eg, anxiety and
depression) [29,30]. However, different industries (eg,
psychology and marketing) have historically focused on specific
parts of this definition (eg, in-app use vs levels of engagement
in the targeted health behavior), often failing to fully capture
an understanding of the complex relationships that make up
engagement [29,30]. To improve our understanding of app-based
interventions and health outcomes, it is critical to understand
the relationship between what is used during the intervention
and subsequent changes in health outcomes [31]. One model
proposed by Cole-Lewis et al [31] addresses this relationship
and posits that engagement is multifaceted, encompassing
multiple definitions from various disciplines. The model links
both system-level and behavior-level engagement [31]. They
defined engagement as a multidimensional construct
encompassing a user’s interactions with app features that
influence specific behavioral determinants, resulting in increased
engagement in the targeted health behavior [31]. The model
posits that the use of in-app features (ie, microlevel engagement)
is directly associated with changes in the desired health outcome
(ie, macrolevel engagement). Understanding both microlevel
and macrolevel measurements is necessary to evaluate the
effects of app-based interventions on improvements in mental
health symptomatology [31].
Applying this model of engagement, we conducted a secondary
analysis using multivariate regression models to examine the
associations between in-app engagement (ie, microengagement)
and mental health outcomes (ie, macroengagement) for
participants with generalized AD (GAD) using a targeted mobile
app called Unwinding Anxiety (UA) [32]. Data were collected
from the intervention group in a recently published randomized
controlled trial (RCT) that tested UA versus treatment as usual
[32]. The UA app is a theory-driven, multifaceted app that
comprises both guided (ie, educational modules) and unguided
features (eg, meditations and ecological check-ins) targeting
novel reinforcement learning constructs [32,33]. The results
from the primary RCT (N=65) were promising, with participants
in the UA group reporting a median reduction in anxiety scores
of 8.5 (IQR 6.5; P<.001) and the treatment as usual group
reporting a median reduction of 1 (IQR 5; P=.01), representing
a 67% versus 14% reduction at the 2-month follow-up [32].

Objectives
The aims of this study were 2-fold: (1) to investigate whether
higher microengagement with the primary intervention feature
(ie, educational modules) is associated with positive changes
in mental health outcomes at 2 months (ie, anxiety, worry,
interoceptive awareness, and emotional reactivity) and (2) to
investigate whether the use of adjunctive app features is also
associated with changes in mental health outcomes. We
hypothesized that higher levels of microengagement with
educational modules would be associated with significant
changes in outcomes, which is consistent with improved mental
health.
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Methods
Overview
This study is a secondary data analysis of a previously described
stage 1 parallel-group RCT [32]. As this secondary analysis is
interested in system use data and their association with study
outcomes, data were taken from the intervention arm only, and
study procedures relevant to analyzing the intervention group
are summarized in the following sections [32]. Roy et al [32]
provide detailed information on the study design, procedures,
and the results of the randomized trial.

Ethics Approval
The primary trial was registered at Clinicaltrials.gov
(NCT0368472), and the Brown University Institutional Review
Board approved the study procedures (reference number
PV4802) [32].

Study Procedures
The data used for these analyses were from the baseline and
2-month time points for the intervention group only [32]. The
inclusion criteria were as follows: (1) score ≥10 on the
Generalized Anxiety Disorder 7-item scale (GAD-7), (2) owning
a smartphone, (3) willingness to receive check-in calls, and (4)
aged ≥18 years [32]. Participants were excluded from the study
if they reported (1) dose changes of any psychoactive medication
in the previous 2 months; (2) needed use of benzodiazepines
and hypnotic sleep aids; (3) a history or current diagnosis of
bipolar, schizophrenia or schizoaffective, or another psychotic
disorder; (4) a significant medical condition that would affect
the ability to complete study tasks; (5) cohabitation with
someone already enrolled in the study; and (6) having a previous
history of using other related apps, specifically Eat Right Now
or Craving to Quit, which use similar reinforcement processes
to UA [33-35]. Participants were recruited using social media
largely through Facebook advertisements.
Eligible participants underwent informed consent procedures
before enrolling in the study [32]. After enrollment, participants
completed an in-person interview using the Mini International
Neuropsychiatric
Interview
(MINI)
International
Neuropsychiatric Interview to confirm a diagnosis of GAD
along with the assessment of other potential comorbid disorders
(eg, depression, obsessive-compulsive disorder, and
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posttraumatic stress disorder) [32]. The participants were then
asked to complete a web-based questionnaire using Qualtrics.
Follow-up questionnaires were administered 2 months from
treatment initiation using personalized email links specific to
each participant’s unique identification number [32].

Intervention
UA is an app-based intervention comprising educational
modules that are considered the primary intervention features,
consistent with recommendations from recent meta-analyses.
The modules comprised instructional psychoeducational videos
(5-15 minutes per day) teaching reinforcement learning concepts
(Table 1). Modules are locked until the previous module is
completed; however, participants can return to any of the already
completed modules for review.
In addition, the app offers unguided adjunctive features divided
into 2 categories: ecological features designed to synergize with
skills learned in the modules and meditation practices. The
ecological features included physiological check-ins and 2 types
of stress evaluation: a meter that evaluates the strength and
reason for stress or anxiety and a stress test that assists in
familiarizing participants with practicing curiosity regarding
stress or anxiety using interoceptive awareness skills learned
in the program. Detailed descriptions of these features can be
found in Table 1, a visual depiction of the main dashboard is
shown in Figure 1 and an example of an adjunctive ecological
feature is provided in Figure 2. The example is the psychological
check-in feature, in which a participant is asked first to identify
their current emotional state from an initial list and then rate
their anxiety level at the moment, and it ends by offering a
recommendation for a short practice to return to present moment
awareness depicted from left to right.
For the adjunctive meditation features, participants had access
to a series of 3 practices that they were encouraged but not
mandated to use: Resting in Awareness, a body scan practice,
and the Loving Kindness practice (Table 1) [36]. Each
meditation had the option to choose from 4 lengths of time (7-30
minutes). The intent of offering varying lengths of time is that
participants initially engage in shorter practices and progress
to longer periods of sustained meditation. A dashboard with
meditation features is shown in Figure 3. An example of
meditation (ie, Loving Kindness) is depicted in Figure 4.
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Table 1. Overview of the Unwinding Anxiety app engagement features with content.
Feature or day introduced

Description

Educational modules
Modules 1-7, week 1

•
•

Module 8-14, week 2

•

•

Module 15-21, week 3

Introduction to the application of reinforcement concepts (ie, trigger, behavior, and reward), specifically, learning
how to recognize behaviors, identifying the “rewards” or outcomes of the behaviors (eg, cognitive, physical sensations, and emotions), and becoming disenchanted with these behaviors allowing for an alternative behavioral
pattern to emerge
Novel to the program is the instruction to participants to not attempt to change behaviors immediately but to concentrate on the embodied experience (ie, interoceptive awareness and present moment awareness) of anxiety and
the associated behaviors

•

The modules introduce the RAINa practice and the role of curiosity in engaging with present moment experiences
rather than judgment

•
•

Week 3 begins with troubleshooting and applying reinforcement lessons from the previous week
Participants are encouraged to gain acceptance of present moment experiences through resistance or unresistance,
defined as the ability to engage with present moment experiences with curiosity, being aware of thoughts but not
attached to them, and riding out waves of anxiety using the RAIN practice and other mindfulness exercises
Modules then focus on the detriments of “contracting” or identifying with thoughts (ie, anxiety)
Participants are asked to identify a variety of thought patterns (ie, anxiety, doubt, anger, and kindness) and observe
rather than attach or react to these narratives

•
•

Module 22-30, week 4

Overview of the program, personalized goal setting for the program that is logged in the app, and an introduction
to the modules
Topic areas focus on how worry and anxiety become habituated through reinforcement learning processes (ie,
operant conditioning and reward-based learning), an overview of mindfulness and its application in identifying
reinforcement patterns that result in negative health outcomes, and an introduction to curiosity as an attitudinal
quality

•
•

•

The week begins with explaining the science of resistance to habit change, specifically, participants are introduced
to the association between anxiety and performance (ie, anxiety becomes associated with accomplishing tasks)
The previous modules regarding the application of mindfulness to unwind these associations are highlighted.
Participants are guided through the importance of taking breaks when pursuing habit change, the advantages of
alternate strategies to anxiety (ie, curiosity), and the ability to drop into the flow (ie, concentration and awareness
focused on the present moment with a loss of reflective consciousness)
The week ends with the key elements of continued motivation and review of the effectiveness of the program,
specifically improvements participants have observed, termed “evidence-based faith”

Ecological features
Check-ins, day 1

•
•
•

Select their current emotional state from a list provided (eg, happy, anxious, and relaxed)
Describe the strength of their anxiety on a 10-point Likert scale (1=low and 10=high)
Provided an exercise to complete (eg, hand awareness and breathe into anxiety)

Stress meter, day 1

•
•

Identify the strength of their anxiety on a 10-point Likert scale (1=low and 10=high)
Identify from a list the reason for their anxiety (eg, uncompleted tasks and reliving past experiences)

•

Provided with a short exercise to complete (eg, breathe into anxiety)

•
•
•
•

Identify where anxiety is strongest in the body (eg, head, neck, and shoulders)
Select a description of the sensation from a provided list (eg, tightness, pressure, and burning)
Select the intensity from 0 to 100 on a scale (eg, 100=most stress ever)
Identify on which side of the body the anxiety is strongest (ie, left or right)

•

Provided with a short exercise to complete (eg, breathe into anxiety)

•
•

Participants offer gratitude to themselves for taking the time to take care of themselves
Subsequently, they are encouraged to shift their awareness to sounds in the room, then to thought processes by
allowing thoughts to rise and pass away (ie, making a mental note of “thinking”)
They are guided to directly observe thoughts as they arise and pass away on their own if not engaged with (eg,
resisted)
Subsequently, they are instructed to open their eyes, engaging in awareness of sights, sounds, thoughts, and body
sensations, whichever present moment experience is most prominent in their experience

Stress test, day 6

Meditations
Resting in Awareness,
day 1

•
•
•
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Feature or day introduced
Body scan, day 3

Description
•
•

Loving Kindness, day
5

•
•
•
•

a

Nardi et al

Participants bring their attention to physical sensations in their body (eg, touch and pressure) and how sensations
are connected to feelings or emotions (eg, anxiety) and are guided on how to pay attention to thoughts and mental
processes (eg, noticing how “busy” thoughts can get when connected with anxiety)
Participants can choose from 12-, 15-, 20-, and 30-minute exercises
Participants notice the physical sensations associated with an imagined experience of anxiety then shift to an experience when they meet a dear friend or kind being (ie, person and animal)
From there, they are encouraged to investigate the different physical sensations of anxiety (eg, tightness and contraction) versus being with a kind person (eg, openness and warmth)
They are then asked to offer phrases of kindness to the person or being identified (eg, “May you be happy”) using
the phrases as mental anchors for present moment awareness
Participants can choose from 7-, 15-, 20-, and 30-minute exercises

RAIN: Recognize and Relax, Allow and Accept, Investigate, and Note.

Figure 1. Unwinding Anxiety main dashboard.
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Figure 2. Adjunctive ecological feature example: check-ins.

Figure 3. Adjunctive features dashboard.
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Figure 4. Adjunctive feature example: Loving Kindness meditation.

Measures
Demographics
Demographic variables collected at baseline included age,
biological sex, education level, and current employment status.

Psychiatric Diagnoses
The MINI is a short (15-minute) structured diagnostic interview
assessing 17 of the most prevalent mental health disorders,
including depression and ADs [37]. Previous studies have
validated the MINI against the Diagnostic and Statistical Manual
of Mental Disorders, Fifth Edition, and the International
Classification of Diseases, Tenth Revision, and found the
measure to be reliable and valid along with the added benefit
of being more efficient [38].

Engagement Measures
The study measures were organized into 2 categories:
microengagement and macroengagement. For clarity, in the
model proposed by Cole-Lewis et al [31], engagement with the
app-based intervention is referred to as the “little e” construct,
which we categorize in these analyses as microengagement.
The model then defines engagement with the targeted health
outcome as the “Big E” construct, which we refer to as
macroengagement [31].

Macroengagement: Mental Health Outcomes
Anxiety
Anxiety was assessed using the GAD-7, which comprises 7
items (eg, “feeling nervous, anxious, or on edge”). The GAD-7
is the most widely used self-report tool for clinical screening
and tracking of GAD (sensitivity and specificity of 89% and
82%, respectively) [39]. Scores of ≥10 indicate a probable
diagnosis of moderate GAD, whereas scores ≥15 indicate severe
GAD [40]. In clinical testing, the scale demonstrated high
reliability (Cronbach α=.88) and validity (r=0.69), correlated
with the Beck Anxiety Index [41].
Emotional Regulation
The Five Facet Mindfulness Questionnaire (FFMQ)
nonreactivity subscale was used to measure emotional
regulation. The FFMQ is a validated 39-item questionnaire used
to assess mindful awareness with high internal consistency
(Cronbach α ≥.70) and an acceptable fit with a correlated
5-factor model (confirmatory fit index 0.914) [42]. It comprises
5 subscales, each validated for use independently [42,43]. The
nonreactivity subscale comprises 7 questions (eg, “I perceive
my feelings and emotions without having to react to them”)
from the 39-item FFMQ with acceptable internal consistency
(Cronbach α=.75) [32].
Interoceptive Awareness
The Multidimensional Assessment of Interoceptive Awareness
is a 32-item measure with response options provided on a
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6-point Likert scale (0=never and 5=always) that has
demonstrated moderate levels of internal consistency (Cronbach
α ≥.70) and a good model fit (comparative fit index 0.886) [44].
The scale comprises eight subscales: (1) noticing, (2) not
distracting, (3) not worrying, (4) attention regulation, (5)
emotional awareness, (6) self-regulation, (7) body listening,
and (8) trusting (eg, “I trust my body sensations”) [44,45].
Worry
The Penn State Worry Questionnaire is a validated 16-item
questionnaire used to assess worry (eg, “My worries overwhelm
me”). It has high internal consistency (Cronbach α=.93) and
validity compared with the Self-Analysis Questionnaire Tension
subscale (r=0.36) and the Emotional Control Questionnaire
(r=−0.53) [46]. Items are rated on a 5-point Likert scale (ie,
1=not at all typical and 5=very typical of me), and scoring for
the scale is calculated as a total with possible ranges of 16 to
80 (eg, 60-80 indicating high worry) [46].

Microengagement: App Features Used
Microengagement (ie, system use) was defined as the total
number of times each app feature was accessed [47]. The app
features were organized into 3 categories for this study. The
first category was engagement with the primary intervention
feature and completion of the educational module. The other
two engagement categories involved the use of the adjunctive
app features: (1) ecological features and (2) meditations. These
adjunctive or supportive features are components that
participants could elect to use in combination with educational
modules. Ecological features were considered adjunctive or
supportive as they were designed as a short (<2 minutes in
length) complement to the modules to assess participants’
current emotional or cognitive state at the moment. Meditations
were defined as features >5 minutes in length, which followed
evidence-based guidelines consistent with researched meditation
practices (eg, Loving Kindness meditation) [48]. Table 1
provides a detailed description of each app feature. Aggregated
totals for each of the 3 categories, as well as the total use of
individual features, were calculated.

Analysis
This was a secondary analysis of a previously conducted RCT.
As such, the analysis was restricted to 32 participants who were
randomized to the intervention group. A complete case analysis
was conducted in this study. Of the 32 participants in the original
intervention sample, 2 (6%) participants dropped out of the
study before follow-up, and 2 (6%) participants did not complete
the follow-up assessments, resulting in a final sample of 28
(88%) participants for this secondary analysis representing 88%
of the original sample. For the primary RCT, a sample size of
52 was determined to have 80% power (1-sided Cronbach
α=.05) to detect a statistically significant between-group
difference in the primary outcome of anxiety (Cohen d=0.7).
The final sample size was increased to 65 participants to account
for 25% attrition.
Descriptive statistics, including means (SDs) for continuous
variables and frequencies and percentages for categorical
variables, were calculated for baseline variables, including
demographics, anxiety, emotional regulation, and worry. Use
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data included ecological assessments (ie, check-ins, stress tests,
and stress meters), mindfulness practices with the length of time
completed (ie, Loving Kindness, Resting in Awareness, and
body scan), and educational modules completed. Correlation
analysis was used to identify potential confounders. Specifically,
variables (eg, age, education, and income) were assessed using
Spearman correlations, and those that met an a priori threshold
of P≤.20 were included in subsequent models.
Microengagement was reported as the total number of times
each app feature was accessed (ie, the total amount of use per
item). Spearman rank correlation matrices were run to identify
potential predictors to be included in the univariate linear
regression models; predictors with a significance of P≤.20 were
included [49]. Skewed engagement data were log transformed,
except for the number of educational modules completed.
Instead, the educational modules were dichotomized based on
the completion of ≥75% (23/32) of the modules.
A series of multivariate linear regression models were
constructed to investigate the dose-response relationships
regarding the effect of use variables on psychosocial outcome
measures. First, to determine predictors for inclusion in
multivariate models, we ran a series of univariate linear models
controlling for baseline scores to determine the impact of use
variables on anxiety (ie, GAD-7), worry (ie, Penn State Worry
Questionnaire), emotional regulation (ie, FFMQ), and
interoceptive awareness (ie, Multidimensional Assessment of
Interoceptive Awareness) at 2 months after treatment initiation.
Predictors that were associated with outcomes at a modest P≤.20
level and met the assumptions testing criteria were then included
in the subsequent multivariate linear regression models.
Final multivariate models investigated total meditation use, total
ecological assessment use, individual meditation practices, and
individual ecological assessments as predictors of the 4
outcomes (ie, anxiety, worry, interceptive awareness, and
emotional regulation). All models controlled for baseline scores,
as well as age and education level, as both have been shown to
affect mobile app engagement in health behavior change in
previous research [16]. Biological sex was not included as a
covariate in the models to preserve parsimony because of a lack
of correlation with outcomes (ie, P≥.20) in exploratory analyses
and as only 7% (2/27) of the total sample identified as male
versus 93% (25/27) as female. Analyses were run in R (version
4.0.3), and an a priori α level of .05 was set for the analyses.
All models were evaluated to meet relevant model assumption
criteria (eg, homoscedasticity and normality of residuals), and
only models meeting the assumption criteria were reported.
Summaries include R2 statistics (measure of effect size), β
coefficients, 2-tailed t test values, P values, and 95% CIs for
all the included models.

Results
Demographics
The participant demographics are presented in Table 2. The
sample was primarily female (25/27, 93%), and the average age
was 42.9 (SD 15.6) years. Most participants reported completing
some level of college education and self-reported as employed:
J Med Internet Res 2022 | vol. 24 | iss. 8 | e33696 | p.480
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
67% (18/27) reported having attained a bachelor’s degree or
higher, 59% (16/27) reported having full-time employment, and
74% (20/27) reported an annual income of ≥US $40,000 per
year.
We explored potential differences in demographic information
across high versus low engagement with the main intervention
feature—education modules. High versus low engagement was
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quantified as those who completed >75% of the education
modules (≥23 modules; high completion) and those who
completed <75% (<23 modules; low completion). Both the high
and low engagement groups averaged consistent numbers of
participants who reported psychiatric conditions (Table 2). With
one exception, the high engagement group had significantly
more past depressive episodes (P=.02).

Table 2. Participant demographics: high versus low engagement and total sample (N=27).
Demographics

Low: <23 modules (n=13)

High: ≥23 modules (n=14)

P value

Total sample

Age (years), mean (SD)

37.7 (13.5)

47.7 (16.3)

.10

42.9 (15.6)

Female

13 (100)

12 (86)

.50

25 (93)

Male

0 (0)

2 (14)

.50

2 (7)

Some college or technical school

3 (23)

4 (29)

.90

7 (26)

2-year degree

1 (78)

1 (7)

.90

2 (7)

4-year degree

2 (15)

3 (21)

.90

5 (19)

Master’s degree

7 (54)

5 (36)

.90

12 (44)

Doctorate degree

0 (0)

1 (7)

.90

1 (4)

Employed full-time (≥35 hours weekly)

8 (62)

8 (57)

.10

16 (59)

Employed part-time

3 (23)

0 (0)

.10

3 (11)

Not in the labor force

1 (8)

5 (36)

.10

6 (22)

Unemployed >1

1 (8)

1 (7)

.10

2 (7)

20,000-29,000

1 (8)

1 (7)

.70

2 (7)

30,000-39,000

2 (15)

1 (7)

.70

3 (11)

40,000-49,000

2 (15)

1 (7)

.70

3 (11)

50,000-59,000

1 (8)

0 (0)

.70

1 (4)

70,000-79,000

1 (8)

1 (7)

.70

2 (7)

80,000-89,000

1 (8)

1 (7)

.70

2 (7)

100,000-149,000

4 (31)

4 (29)

.70

8 (30)

>150,000

0 (0)

4 (29)

.70

4 (15)

Sex, n (%)

Education, n (%)

Current employment, n (%)

Income (US $), n (%)

Mini International Neuropsychiatric Interview diagnostic criteria, n (%)

a

Major depressive episode, current

3 (23)

0 (0)

.10

3 (11)

Major depressive episode, past

2 (15)

9 (65)

.02a

11 (41)

Panic disorder, current

2 (15)

1 (7)

.99

3 (11)

Panic disorder, past

2 (15)

2 (14)

.99

4 (15)

Posttraumatic stress disorder, met criteria

1 (8)

1 (7)

.99

2 (7)

Obsessive-compulsive disorder, met criteria

2 (15)

2 (14)

.99

4 (15)

Social anxiety disorder, met criteria

2 (15)

2 (14)

.99

4 (15)

Agoraphobia, met criteria

1 (8)

4 (29)

.30

5 (19)

Significance set at a priori α level of .05 (ie, P≤.05).

The baseline anxiety, emotional regulation, worry, and
interoceptive awareness scores are reported in Table 3. Overall,
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interoceptive awareness score was 78.7 (SD 22.4), and
participants had an average low emotional regulation score of
15.2 (SD 4.2). No significant differences were observed between
the high and low engagement groups in the primary outcomes
at baseline.
Participants completed an average of 20.2 (SD 11.4) modules
of the primary intervention feature for the total sample. Of these,
52% (14/27) were considered “high completers” (ie, ≥23
modules). Use data of the adjunctive features over the 2-month
intervention period are presented separately for high versus low
engagement in Table 4. For the ecological features, participants’
total engagement averaged 38.1 (SD 52.6) uses. Regarding
specific ecological features, the average check-in use accounted
for most of the use at 31.1 (SD 45), whereas stress tests and
stress meters averaged <5 uses for the 2-month period. When
assessing adjunctive ecological feature engagement across high
versus low primary intervention engagement, the high
engagement group used adjunctive ecological tools more across
all types of features than the low engagement group (Table 4).
Participants averaged 7.2 (SD 7.2) mindfulness practice uses
over the 2-month period. The range of uses varied for
meditations, although not as broadly as ecological tool use, with
some individuals never using the meditations and other

participants using the meditations more frequently, with median
meditation use of 7 (IQR 8). In addition, when assessing
meditation use across intervention engagement categories (ie,
high vs low), those who completed a high level of the primary
intervention also used meditation practices more on average
(Table 4). Specifically, those who had a higher engagement
with the primary intervention also used significantly more
meditations overall, as well as the Loving Kindness meditation
and Resting in Awareness meditation (Table 4).
Summary statistics of meditation practice use for the full sample,
and for high versus low engagement, are presented in Table 3.
The completion of cumulative mindfulness practices across the
entire sample averaged 7.2 (SD 7.2) over the 2-month period.
The range of uses varied for meditations, although not as broadly
as the ecological tool uses, with some individuals never using
the meditations and other participants using the meditations
more frequently, with median meditation use of 7 (IQR 8). In
reviewing differences in average meditation use between high
and low engagement, the group with high engagement also used
meditation practices more on average, and significant differences
were observed for cumulative meditations used, Loving
Kindness, and Resting in Awareness but not for the body scan
meditations (Table 4).

Table 3. Average outcome measure scores at baseline.
Measure

Low: <23 modules,
mean (SD)

High: ≥23 modules,
mean (SD)

P value

Total sample,
mean (SD)

Anxiety (Generalized Anxiety Disorder-7 scale)

13.4 (5.9)

12.6 (3.9)

.60

13.0 (4.9)

Emotional regulation (Five Facet Mindfulness Questionnaire,
Nonreactivity Subscale only)

14.9 (4.2)

15.4 (4.4)

.70

15.2 (4.2)

Worry (Penn State Worry Questionnaire)

66.8 (6.6)

64.2 (7.6)

.30

65.5 (7.1)

80.7 (25.2)

.60

78.7 (22.4)

Interoceptive awareness (Multidimensional Assessment of Intero- 76.5 (19.6)
ceptive Awareness)

Table 4. Average number of tool uses by segment over 2 months: high versus low engagement and total sample.
App components

Low: <23 modules, mean (SD) High, ≥23 modules, mean (SD)

P value

Total sample, mean (SD)

Cumulative ecological tool use

12.9 (14.4)

61.6 (64.1)

.02a

38.1 (52.6)

Check-ins

10.5 (12.0)

50.4 (55.5)

.02

31.1 (45.0)

Stress test

1.2 (1.9)

4.9 (6.2)

.04

3.1 (4.9)

Stress meter

0.5 (0.7)

2.2 (2.2)

.01

1.4 (1.9)

Breath awareness

0.9 (1.9)

4.1 (5.4)

.05

2.5 (4.3)

3.1 (2.9)

10.9 (7.9)

<.01

7.2 (7.2)

Loving Kindness Practice

1.0 (1.1)

4.2 (2.6)

<.01

2.7 (2.6)

Body scan

1.1 (1.1)

3.4 (4.5)

.09

2.3 (3.5)

Resting in Awareness

1.0 (1.4)

3.4 (2.8)

.01

2.2 (2.5)

Cumulative mindfulness practice use

a

Significance set at a priori α level of .05 (ie, P≤.05).

Multivariate Regression Results
Overview
Analyses were conducted to identify associations between
microengagement, quantified as specific features use tools, and
https://www.jmir.org/2022/8/e33696

XSL• FO
RenderX

macroengagement, defined as worry, anxiety, interoceptive
awareness, and emotional regulation. Predictors (ie,
microengagement metrics) were entered into univariate models,
controlling for baseline scores on the outcome of interest, and
assumption testing was performed on models that met the a
priori significance threshold (P≤.20). However, after review,
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models that violated assumptions were excluded, and those that
met the criteria were consolidated for subsequent multivariate
testing.
Using the results from the univariate models, multivariate linear
regression models were built to answer the primary research
question testing the association of (1) total meditation practice,
(2) total ecological assessment, (3) individual meditation
practices, and (4) individual ecological assessments with

changes in psychosocial outcomes at 2 months (ie, anxiety,
worry, emotional regulation, and interoceptive awareness). Only
models that met a priori significance levels and all model
assumptions are reported (Table 5) by system use categorization
(ie, educational modules, ecological tools, and meditation
practices). Parameter estimates, effect sizes (ie, coefficient of
determination; R2), 95% CIs, and additional relevant statistics
for all the included models are outlined in Table 5.

Table 5. Multivariate linear regression analyses of use metrics and change in psychosocial measures at 2 months.

a

Use metrica

Outcome

R2

P value

t test (df)

b (95% CI)

Low vs high module

Interoceptionb

0.22

.01

2.72 (26)

22.6 (5.3 to 39.8)

Low vs high module

Worryc

0.25

.01

−2.83 (26)

−11.6 (−20.2 to −3.1)

Total meditationsd

Anxietye

0.21

.03

−3.16 (26)

−0.6 (−1.2 to −0.6)

Stress meterd

Mindfulnessf

0.29

.03

2.36 (26)

0.5 (0.1 to 0.9)

All models were adjusted for age, educational attainment, and baseline outcome measure total score.

b

Multidimensional Assessment of Interoceptive Awareness.

c

Penn State Worry Questionnaire.

d

Variable was log transformed, and the results are reported on a log scale.

e

Generalized Anxiety Disorder-7 scale.

f

Five Facet Mindfulness Questionnaire, Nonreactivity Subscale only.

Education Modules
Completion of ≥75% of the educational modules was
significantly associated with increases in interoceptive
awareness and decreases in worry. More specifically, it was
associated with an average 22.6-point increase in interoceptive
awareness (SE 8.32; P=.01; 95% CI 5.3-39.8) and an 11.6-point
decrease in worry (SE 4.12; P=.01; 95% CI −20.2 to −3.1) when
holding age, education level, and baseline worry and
interoceptive awareness scores constant.

Meditation Practices
Total meditation practice was associated with a significant
reduction in anxiety scores. For each log unit change in the total
number of meditations, there was a reduction of 0.62 in anxiety
scores (SE 0.27; P=.005; 95% CI −1.2 to −0.6) after controlling
for age, educational level, and baseline anxiety scores.

Ecological Tools
Stress meter use was associated with significant changes in
emotional regulation. Specifically, a difference of 1 unit (on
the log scale) in the stress meter was associated with a 0.5-unit
increase on average in emotional regulation scores (SE 0.21;
P=.03; 95% CI 0.1-0.9). Both associations were adjusted for
age, education level, and baseline emotional regulation scores.

Discussion
Principal Findings
Comprehensive app-based interventions offer promising,
high-fidelity treatments for AD, which are critical for addressing
the growing treatment needs of the health care system
[7,9,10,50]. To fully realize their potential, research will need
to maximize engagement through a comprehensive
https://www.jmir.org/2022/8/e33696
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understanding of how microengagement with in-app features
affects macrolevel engagement in the target health outcome
[31]. Our analyses sought to build on existing evidence by using
multivariate linear regression models to examine the associations
between improvements in mental health outcomes and the use
of specific features within the UA mobile app. The results
indicated that microengagement with app features was associated
with significant changes in macroengagement in health outcomes
(ie, interoceptive awareness, anxiety, emotional regulation, and
worry), consistent with the engagement model proposed by
Cole-Lewis et al [31]. Consistent with our hypothesis,
engagement with the primary intervention feature (ie,
completing at least 75% of the modules) was associated with
an average increase of 22 points in interoceptive awareness
scores and an 11-point decrease in clinical measures of worry
at the 2-month follow-up. Associations were also found between
the adjunctive app features (ie, ecological features and
meditations) and improvements in health outcomes. Total
meditation use was associated with a highly significant
0.62-point average reduction in anxiety (GAD-7), and the use
of the Stress Meter, a tool for recognizing and investigating
stressful situations in the moment, was associated with an
average increase of 0.5 points in emotional regulation.
Moving forward, this research has significant implications for
testing, developing, and customizing app-based interventions
that target AD. First, this study offers important evidence that
engagement with in-app features is a critical mechanism for
increasing treatment benefits. Specifically, our findings showed
a strong association between module completion and mental
health outcomes, offering important evidence within the limited
field of work on engagement with app-based interventions for
AD. Previous research has largely focused on module
completion as the primary engagement metric, finding small
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but significant associations with improvements in mental health
outcomes for all digital interventions (eg, internet based and
app based) [51-55]. However, these studies were mostly
internet-based interventions, with few apps clinically tested for
the effects of engagement on AD-related outcomes [23,24].
In addition, we found that intervention effects were driven by
more than module completion, with findings indicating that
adjunctive features (eg, ecological check-ins) were associated
with important changes in health outcomes. The adjunctive or
supportive components of complex app-based interventions
have rarely been investigated. Instead, to date, most research
has favored the analysis of completed modules or using a total
frequency metric for all features used [24]. Focusing singularly
on these adjunctive components offers 2 important insights: a
clear indication of how those additional features are associated
with changes in outcomes and information on potentially
unnecessary or ineffective tools, which may needlessly
complicate the app. Future research building on this study,
focusing on understanding how specific supportive features
function mechanistically to affect clinical outcomes, will be
important as this information allows developers to streamline
digital interventions [31]. By prioritizing streamlining app-based
interventions, highlighting the effective features and removing
ineffective features we can increase intervention efficiency as
well as the likelihood of initiating and sustaining health behavior
changes [22,56].
Although our analyses offer important novel insights into
engagement and health outcomes, to fully capitalize on the
potential of app-based interventions for sustained behavior
change engagement, research needs to move beyond considering
engagement as an aggregated total. Summed user engagement
metrics, such as those used in these analyses, offer important
insights but provide a limited view when considering the
practical reality of engagement as a dynamic interaction between
the participant and the app over time [22,23,47,57]. In the case
of UA specifically, the app is designed to develop knowledge
(eg, retraining reinforcement learning, education on
understanding anxiety, and goal-directed behavior training) and
promote skills maintenance (eg, meditation and emotional
regulation), which can be applied in everyday life. The eventual
goal of the app is actually “off ramping” participants or
effectively reducing microengagement with the app while
sustaining the associated health outcome improvements (eg,
reductions in anxiety and increased emotional regulation). In
this case, the pattern of engagement may change; for example,
a participant may start at a higher level of engagement but begin
to titrate how often they use the app over time. As such, the
goal for UA is that health behavior change would be sustained
despite lower engagement over time, which cross-sectional or
sum engagement metrics cannot reflect. Thus, future analyses
will need to move beyond aggregated engagement and analyze
individual time series data to capture the dynamic, longitudinal
relationship between in-app engagement and sustained health
behavior changes.

Comparison With Previous Work
Although the analysis presented is the first to investigate
associations between the use of UA tools and mental health
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outcomes, the underlying reinforcement learning theory and
curriculum for the primary intervention feature have been
associated with behavioral reductions in our previous work on
smoking cessation [58,59]. Specifically, our findings regarding
module engagement build on results from an RCT (n=225) of
the Craving to Quit program, a mobile platform designed to
help people quit smoking, which uses a similar suite of
educational modules grounded in the reinforcement learning
theory and application of meditation practices on which the UA
program is founded. These previous results indicated that
educational module engagement, categorized as low (0-14
modules), medium (15-41 modules), and high (≥42 modules)
in linear mixed models, was associated with significant
reductions in the relationship between craving and cigarette
smoking at 6 months (F1,104=4.44; P=.04) in the intervention
group (n=182) [58].
In addition, in a previous trial of an app-based intervention
targeting eating behaviors and craving-related eating—Eat Right
Now—the results indicated significant associations between
ecological feature engagement and craving-related eating [60].
Eat Right Now also comprises ecological features, which guide
participants by investigating cravings, in addition to mindful
eating exercises, to reduce the reward value of overeating
[60,61]. The results showed significant effects of ecological
feature use on reductions in craving-related eating, anticipated
reward value of craving-related eating, and the likelihood of
engaging in craving-related eating within an initial sample of
46 participants, which was then replicated among a larger
sample (n=1119) using Rescorla-Wagner computational
modeling [61].
This study, coupled with previous work, demonstrates the
important role of multiple engagement metrics associated with
positive changes in health outcomes among a range of clinical
populations.

Limitations
This study has some limitations. First, engagement data were
calculated as the total number of uses. It is possible that a feature
was opened, closed, or stopped midway. It is also possible that
the participant was not actively engaged with the feature (eg,
distracted or the participant was not the one using the app). In
future studies, the length of use time should be considered for
analysis to mitigate these limitations. In addition, this analysis
considered specific features that operate singularly on health
outcomes. However, this is unlikely to reflect the engagement
patterns of participants who use a combination of features in
pursuit of their health goals. Aggregation of microengagement
patterns with the inclusion of the total time of engagement may
offer windows into specific “usage profiles,” which could more
effectively reflect the interdependent nature of many of these
features. Another important limitation was the small sample
size available for analysis. In addition, the sample was
overwhelmingly female, White, and highly educated, making
the generalizability of these findings to broader populations
questionable. The length of follow-up may also have been a
limiting factor for the analysis as there was variability regarding
module completion, which may not have been aligned with the
2-month assessment window. Future analyses should use larger,
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more diverse samples to test the impact of microengagement
patterns in the broader population.

Conclusions
This secondary analysis offers evidence of associations linking
the use of in-app features in UA to improvements in mental
health outcomes; however, these results are preliminary and
exploratory. The work presented offers a clearer understanding
of the impact of how microengagement with the app features
affects macroengagement with health outcomes of interest,
consistent with the model proposed by Cole-Lewis et al [31].
This study highlights the importance of comprehensive

Nardi et al
investigations of engagement during the development of
evidence-based app-based interventions. Future research would
benefit from comprehensive, longitudinal analyses, as well as
primary studies that specifically assess the effects of varying
levels of engagement trials on health outcomes (eg,
microrandomized trials, rapid optimization methods, and
multiphase optimization strategies) [18,62-64]. As research
continues, understanding the effects of engagement with
app-based intervention features on clinical outcomes will be
critical to designing targeted interventions needed to increase
patient health and support accessible, comprehensive care.
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Abstract
Background: Patients with digestive system cancer often experience psychospiritual distress. Life review is an evidence-based
psychological intervention for patients with cancer, but the effects of digital life review programs are unclear, especially for
patients with digestive system cancer.
Objective: We examined the effects of a WeChat-based life review program on the psychospiritual well-being of patients with
digestive system cancer.
Methods: This study was a 3-arm parallel randomized controlled trial. Eligible patients with digestive system cancer were
recruited from a university hospital in Fujian, China. They were randomized to a life review group and 2 control groups. All
participants received routine care, and the life review group also received the 4-week WeChat-based life review program. Control
group 1 also received a 4-week program of friendly visiting. Anxiety, depression, hope, and self-transcendence were measured
at baseline and 2 days, 1 month, and 6 months after the intervention.
Results: A total of 150 participants were randomly allocated to the WeChat-based life review group (n=50), control group 1
(n=50), or control group 2 (n=50). The overall dropout rate was 10% (15/150), and 92% (46/50) of participants in the the life
review group completed the intervention. Significant interaction effects for time and group membership were found for anxiety
(P<.001), depression (P<.001), hope (P<.001), and self-transcendence (P<.001) at all follow-up time points. For anxiety and
depression, the scores did not differ significantly between the life review group and control group 1 on day 2 (P=.80 for anxiety,
P=.51 for depression), but the scores were significantly lower in the life review group at month 1 and month 6 (P=.02 for anxiety
at both months 1 and 6; P=.003 and P<.001 for depression at months 1 and 6, respectively). Significant increases in hope and
self-transcendence were revealed in the life review group compared to control group participants at all follow-up sessions.
Conclusions: The WeChat-based life review program was effective in reducing anxiety and depressive symptoms and in
improving the level of hope and self-transcendence among patients with digestive system cancer. Though friendly visiting can
also help to relieve anxiety, its effects are short-term.
Trial Registration: Chinese Clinical Trial Registry ChiCTR-IOR-17011998; https://tinyurl.com/5acycpd4
(J Med Internet Res 2022;24(8):e36000) doi:10.2196/36000
KEYWORDS
digestive system cancer; life review; digital technology; anxiety; depression; hope; self-transcendence; cancer; randomized
controlled trial; distress; psychological; digestive system
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Introduction
Cancer is one of the leading causes of mortality and morbidity
in the world; approximately 19 million new cases and 10 million
deaths occurred in 2020, and these numbers are predicted to
increase by 50% over the next 20 years. In China, digestive
system cancers, including cancers of the colon, rectum, stomach,
liver, and esophagus, are ranked within the top 5 diagnoses,
accounting for 41% of new cancer cases and 49% of mortality
[1]. A recent systematic review and meta-analysis reported a
high prevalence of anxiety and depressive symptoms among
patients with digestive system cancer, ranging from 50% among
patients with hepatic and pancreatic cancer to 70% among
patients with colorectal, esophageal, and gastric cancer [2].
Hopelessness, meaninglessness, and despair are also reported
often, along with negative emotions triggered by concerns about
death, seeking meaning in life, or unresolved life events
associated with regret or pity [3,4].
A systematic review revealed the importance of psychological
interventions in palliative care, as they can specifically address
patients’ emotional difficulties and spiritual concerns [5]. Life
review has been recognized as an effective psychological
intervention. It is a process of recalling, evaluating, and
integrating life experiences to facilitate the achievement of ego
integrity [6]. Ego integrity is a state of achieving a sense of
meaning and acceptance of past life events that has been found
to relate to higher levels of mental health and well-being among
patients in a palliative care setting [7]. Life review enables
patients to express their emotions, confirm their roles in life,
reassess their attitudes toward death, reorganize their
perspectives toward life, and finally integrate their entire life
into a more acceptable or meaningful whole [8]. Originally, life
review targeted older adults’ psychosocial crises, but it has since
been applied to palliative care. Accumulated evidence suggests
that life review could reduce anxiety and depression, elevate
hope and meaning in life, and improve self-transcendence and
the quality of life of patients with cancer [9-11].
Digital technologies are increasingly being used to promote life
review interventions via mobile phones, computers, wearable
devices, and social media or applications [12-14]. Wise et al
[15] first designed a telephone-based life review and illness
narrative intervention with online resources for patients with
cancer to share their personal stories and establish social
networks. Afterwards, Wise et al [16] further demonstrated the
effectiveness of life review in increasing feelings of peace and
decreasing negative mood in patients with stage III or IV cancer
after 4 months of the program. However, telephone-based life
review interviews did not provide the opportunity to observe
nonverbal cues, such as patients’ facial expressions and body
language. Additionally, Wise reported a high dropout rate in a
sample that was predominantly White, female, and had high
income and high education. Recently, Dang et al [17] tested an
avatar-facilitated life review intervention to reconstruct the self
and identity of patients with cancer through performativity.
Patients were given full-body movement devices that captured
their motions and synchronized their voices onto an avatar in a
virtual environment. Although the virtual environment induced
a sense of immersion during the therapeutic interaction and,
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therefore, enhanced patients’ engagement and self-expression,
the program was expensive, and there were hardware limitations
[17-19].
Social media sites, such as Facebook, Instagram, and YouTube,
and mobile applications have also been used to conduct life
review interventions, because they enable patients to share
photos, videos, and life stories [20]. WeChat is a social media
platform with high popularity in 200 countries, especially China,
due to its simplicity, convenience, efficiency, and mobility [21].
It allows users to interact asynchronously with each other
through text messaging, voice messaging, video conferencing,
and other means, as well as obtain information and resources
from various WeChat platforms at any time. In 2018, our
research team developed a WeChat-based life review program
for patients with cancer, consisting of e-life review interviews,
memory prompts, review extraction, mind space, and e-legacy
products [22]. A preliminary study found that the program was
acceptable, feasible, and promising in improving the
psychospiritual well-being of patients with cancer [23]. Thus,
this study aimed to robustly evaluate the effectiveness of the
WeChat-based life review program in improving the
psychospiritual well-being of patients with digestive system
cancer using a 3-arm parallel randomized controlled trial.

Methods
Study Design and Setting
A randomized, controlled, single-blinded, 3-group pretest and
repeated posttest experimental trial was conducted at the
oncology department of a university-affiliated general hospital
in Fujian, Southeast China. This study was performed in
accordance with the CONSORT-EHEALTH checklist
(Multimedia Appendix 1) [24] and was registered with the
Chinese Clinical Trial Registry (ChiCTR-IOR-17011998).

Participants
Participants were recruited from June 2019 to October 2020,
with follow-up ending in April 2021. Inclusion criteria were as
follows: (1) diagnosis of digestive system cancer, (2) age ≥ 18
years, (3) awareness of diagnosis and treatment, (4) ability to
use WeChat, and (5) no cognitive or verbal communication
impairments. The exclusion criteria included (1) current use of
anxiolytics or antidepressants, (2) participation in other
psychotherapeutic programs, and (3) severe disability or
diagnosis with a rapid-deterioration disease (Karnofsky
performance status <40%).

Sample Size
Power analysis was used to estimate the sample size. Assuming
a power of 90%, a 2-tailed test, and an effect size of 0.33 for
anxiety and 0.43 for depression, 38 and 24 participants were
needed to detect changes in anxiety and depression scores,
respectively [25]. For hope (effect size 0.68) and
self-transcendence (effect size 0.39), sample sizes of 10 and 28
participants were needed, respectively [26]. Anticipating a 20%
attrition rate, we aimed to recruit 46 participants for each study
group. A final total of 50 participants was recruited for each
group.
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Randomization and Blinding

Control Group 1

A research assistant who was not involved in subject
recruitment, data collection, or the interventions conducted the
randomization schedule. A research randomizer website [27]
was used to generate 150 nonrepeating random number
sequences. The numbers ranged from 1 to 150, with 1 to 50, 51
to 100, and 101 to 150 corresponding to the life review group,
control group 1, and control group 2, respectively. Each number
was separately packaged in a sequentially sealed, opaque
envelope to ensure allocation concealment. In this study, the
recruited participants and facilitator (the first author) were not
blinded to the group assignment; another research assistant,
who was blinded to group allocation, conducted the data
collection and analysis.

Control group 1 received 4 sessions on an individual basis that
provided social contact by engaging participants in daily
conversation without reviewing the past. For consistency with
the life review group, the 4 friendly visiting sessions were
conducted by the first author through WeChat. Each visit lasted
about 40 minutes, depending on the participants’ preference.

Interventions
All participants received routine care from medical staff at the
oncology department. In addition, participants in the life review
group received the 4-week WeChat-based life review program
and those in control group 1 received the 4-week friendly
visiting program.

Life Review Group
The life review group received the WeChat-based life review
program along with routine care. The program consisted of a
synchronous e-life review interview and asynchronous
communication modules (Multimedia Appendix 2). The e-life
review consisted of an individual, online, 40-to-60-minute nurse
interview on WeChat, including 4 sections: present life (cancer
experience); adulthood; childhood and adolescence; and
summary of life. The asynchronous communication involved
4 modules. “Memory prompts” presented a set of images, music,
videos, and audio-picture books relevant to each life section to
trigger the participants’ memories and facilitate the life review
process. “Review extraction” was a summary of meaningful
events in which participants could view or leave comments.
“Mind space” enabled participants to express emotions, hand
down wishes, or reveal their true feelings to anyone who was
important at that stage. “E-legacy product” was a digital booklet
reflecting participants’ significant experiences, which they could
transfer to their offspring.
The WeChat-based life review program was conducted weekly
and facilitated by the first author, a registered nurse with more
than 25 years of experience in clinical cancer care and 50 hours
of life review training. Before the intervention, participants in
the life review group installed WeChat and created a personal
account. They accessed the memory prompts module to obtain
an overview of the current session. Then, an e-life review
interview was arranged by means of a video call with additional
use of instant texts, voice messages, and emoticons. During the
life review process, the facilitator monitored participants’
physical condition, emotional status, and responses to the
guiding questions. Participants were also encouraged to access
the asynchronous communication modules, which were available
24 hours a day, to freely review their interview content, express
feelings and blessings, and provide important pictures and
e-legacy products.
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Control Group 2
Control group 2 received routine care, including drug treatment,
nutritional support, symptom management, health education,
and functional exercise.

Measures
A self-designed questionnaire by the first author was used to
collect participants’ sociodemographic information and clinical
characteristics. Sociodemographic data included age, gender,
marital status, education, monthly income, and religion. Clinical
characteristics included the specific diagnosis; the presence or
absence of chronic disease and metastasis; the use or nonuse of
surgery, chemotherapy, targeted therapy, radiotherapy, and
immunotherapy; and Karnofsky performance status. Karnofsky
performance status was used to evaluate participants’ physical
function on an 11-point scale, with 0 indicating death and a
score of less than 40% indicating severe disability and rapidly
progressing disease. This study only included participants with
a score higher than 40%.
Psychological outcomes included anxiety and depression
symptoms; these were measured by the Hospital Anxiety and
Depression Scale [28]. This is a 14-item scale divided into
anxiety and depressive subscales, with each of 7 items rated on
a 4-point Likert scale (higher scores represent increased anxiety
or depression). The Chinese version of this scale has good
sensitivity and specificity [29].
Spiritual outcomes consisted of hope and self-transcendence.
The 12-item Herth Hope Scale [30] was used to assess
participants’ hope on a 4-point Likert scale (range 12-48).
Higher scores indicate higher levels of hope. The scale has been
extensively used for assessment of hope in Chinese patients
with cancer; it has a Cronbach α of .87 and a construct validity
of .85, indicating good reliability and validity [31]. The 15-item
self-transcendence
scale
assessed
participants’
self-transcendence [32]. Each item was rated from 1 (“not at
all”) to 4 (“almost always”), with the total score ranging from
15 to 60 and a higher score indicating a higher level of
self-transcendence. The Chinese version of the scale has shown
good reliability (Cronbach α=.83-.87) [33].

Data Collection and Analysis
A trained research assistant who was blinded to group
assignments conducted all data collection. Outcome data were
collected at baseline (T0) and 2 days (T1), 1 month (T2), and
6 months (T3) after the intervention. Statistical analysis was
performed using R for Windows (version 3.5; R Foundation for
Statistical Computing), with statistical significance set at P<.05.
Normally distributed continuous variables were expressed as
the mean and SD, nonnormally distributed continuous variables
were presented as the median and range, and categorical
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variables were expressed as numbers (percentages). The Little
test was used to check whether the missing data were missing
completely at random. An intention-to-treat analysis was
employed. Hypothesis testing used the chi-square test, the
Mann-Whitney U test, the Fisher exact test, or a 1-way ANOVA
to compare baseline data among groups. Since hierarchical
linear models have more flexible data requirements and account
for individual changes relative to group differences [34], they
were employed for repeated measures. Both the baseline scores
(intercepts) and change in scores (linear slopes) for each
outcome within the groups were estimated in this model [35].
Time was represented as a dummy-coded variable to compare
the outcomes at T1 to T0, T2 to T0, and T3 to T0. The effect
of life review was examined based on the 3 dummy-coded time
variables and the interaction effects between groups.

Ethical Considerations
This study was approved by the Ethics Committee of Fujian
Medical University (2016/00020) and the study hospital. All
participants were provided with detailed information about the
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study, and written informed consent was obtained from each
participant prior to data collection. Importantly, the data
collected were kept confidential and anonymous and were used
exclusively for this research.

Results
Participant Recruitment and Retention
During the period of this study, 310 patients with digestive
system cancer were assessed for eligibility; only 150 patients
met the inclusion criteria and consented to participate in this
study. They were randomly allocated to 3 groups: the life review
group (n=50), control group 1 (n=50), and control group 2
(n=50). Fifteen participants withdrew from the study because
their disease progressed (n=12), they refused to participate
(n=2), or because they could not be contacted (n=1). Four of
these participants were from the life review group, 6 from
control group 1, and 5 from control group 2. A final total of 135
participants completed the intervention and measurements. A
flowchart of the study is shown in Figure 1.
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Figure 1. Flowchart of the study.

Participant Characteristics
Table 1 shows the participants’ sociodemographic
characteristics, clinical characteristics, and the baseline outcome
variables across the study groups. The participants’ mean age
was 58.48 (SD 9.96) years, and the majority were male
(123/150, 82%), married (144/150, 96%), and affiliated with a
religion (118/150, 78.7%). Less than half of the participants
(74/150, 49.3%) had a primary school education level or lower
and 57/150 (38%) had an average monthly household income
per capita of RMB 1000 (US $148) or less. Among these
participants, cancer in the digestive tract (114/150, 76%) was
more common than cancer in the digestive glands (36/150,
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24%); 48/150 (32%) patients had metastasis. Most patients had
undergone surgery (124/150, 82.7%) or chemotherapy (102/150,
68%), and the average Karnofsky performance status was more
than 60% (99/150, 66%). The groups’ demographic and clinical
details were broadly comparable between the 3 groups.
Interestingly, baseline anxiety and depression scores were up
to 12% higher in control groups 1 and 2, but this difference
could have arisen by chance alone (P=.89 and P=.17,
respectively). Furthermore, this small difference would only
have biased the overall estimate of effectiveness toward the null
hypothesis, as it would have plausibly been slightly easier to
reduce depression and anxiety scores in the control groups, as
they started with a higher baseline.
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Table 1. Baseline characteristics of participants.
Variables

Total (N=150)

Life review (n=50) Control 1 (n=50)

Control 2 (n=50)

F/χ2 (df)

P value

Age (years), mean (SD)

58.48 (9.96)

57.48 (9.29)

58.46 (9.96)

0.512

.60a

1.084 (2)

.58b

1.261 (1)

.32d

6.128 (6)

.42b

1.986 (2)

.37b

7.494 (6)

.28b

0.273 (2)

.87b

2.851 (2)

.24b

2.206 (2)

.33b

4.001 (2)

.14b

2.206 (2)

.33b

2.542 (2)

.37d

59.50 (10.67)

Gender, n (%)
Male

123 (82)

43 (35)c

41 (33)c

39 (38)c

Female

27 (18)

7 (26)c

9 (33)c

11 (41)c

Marital status, n (%)
Married

144 (96)

48 (96）

48 (96)

48 (96)

Unmarried/ widowed/ divorced/
separated

6 (4）

2 (4）

2 (4)

2 (4)

Monthly household income (US $), (n %)
≤15

57 (38)

19 (33)c

20 (35)c

18 (32)c

15-44

33 (22)

8 (24)c

12 (36)c

13 (39)c

44-88

36 (24)

12 (33)c

9 (25)c

15 (42)c

>88

24 (16)

11 (46)c

9 (38)c

4 (17)c

Religion, n (%)
Yes

118 (78.7)

41 (82）

36 (72）

41 (82）

No

32 (21.3)

9 (18）

14 (28）

9 (18）

Education level, n (%)
Primary school or below

74 (49.3）

25 (34)c

23 (31)c

26 (35)c

Junior middle school

45 (30）

11 (24)c

15 (33)c

19 (42)c

Senior high school

21 (14）

10 (47)c

7 (33)c

4 (19)c

Tertiary or above

10 (6.7）

4 (40)c

5 (50)c

1 (10)c

Chronic disease, n (%)
Yes

40 (26.7)

12 (24)

14 (28)

14 (28)

No

110 (73.3)

38 (76)

36 (72)

36 (72)

Diagnosis, n (%)
Cancer in digestive tract

114 (76)

35 (70)

42 (84)

37 (74)

Cancer in digestive glands

36 (24)

15 (30)

8 (16)

13 (26)

Metastasis, n (%)
Yes

48 (32)

18 (36)

18 (36)

12 (24)

No

102 (68)

32 (64)

32 (64)

38 (76)

Surgery, n (%)
Yes

124 (82.7)

37 (74)

44 (88)

43 (86)

No

26 (17.3)

13 (26)

6 (12)

7 (14)

Chemotherapy, n (%)
Yes

102 (68)

32 (64)

38 (76)

32 (64)

No

48 (32)

18 (36)

12 (24)

18 (36)

Targeted therapy, n (%)
Yes
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6 (4)

1 (17)

4 (67)

1 (17)
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Total (N=150)

Life review (n=50) Control 1 (n=50)

Control 2 (n=50)

144 (96)

49 (34)

49 (34)

46 (32)

Radiotherapy, n (%)
Yes

21 (14)

7 (14)

10 (20)

4 (8)

No

129 (86)

43 (86)

40 (80)

46 (92)

Immunotherapy, n (%)
Yes

9 (6）

3 (6)

3 (6)

3 (6)

No

141 (94）

47 (94）

47 (94)

47 (94)

Karnofsky performance status, n (%)

F/χ2 (df)

P value

2.990 (2)

.22b

0.398 (2)

>.99d

2.317 (2)

.35b

≤60

51 (34)

13 (26)

18 (35)

20 (39)

>60

99 (66)

37 (37)

32 (32)

30 (60)

Anxiety

3.81 (3.72)

3.74 (3.92)

3.68 (3.38)

4.02 (3.90)

0.118

.89a

Depression

4.13 (3.83)

3.60 (3.53)

5.06 (4.30)

4.02 (3.97)

1.817

.17a

Hope

36.57 (3.80)

36.76 (4.53)

36.50 (3.64)

36.46 (3.17)

0.091

.91a

Self-transcendence

45.97 (6.28)

46.40 (6.46)

46.02 (6.02)

45.44 (6.39)

0.295

.75a

Baseline outcome scores, mean (SD)

a

Calculated with ANOVA.

b

Calculated with the Χ2 test.

c

The denominator used to calculate these percentages is the value for n in the “Total” column of the same row.

d

Calculated with the Fisher exact test.

Effects on Outcome Variables
Table 2 shows the mean (SD) for the outcome variables at
baseline and at the 3 follow-up sessions. A hierarchical linear
model was employed to examine the change in outcome
variables at each time point (Table 3). Overall, the interaction
effects of the intervention on anxiety, depression, hope, and
self-transcendence between groups over time were statistically
significant.
Figure 2 shows the change over time in the mean (SD) scores
for anxiety, depression, hope, and self-transcendence. Specific
comparisons of outcome variables between groups at each time
point and within groups are presented in Multimedia Appendix
3 and Multimedia Appendix 4. For anxiety, there was a
significant decrease in the life review group at T1, T2, and T3
compared to baseline (P<.001, P<.001, and P=.002,
respectively), indicating that the scores remained stable after
the intervention. In the control groups, the anxiety score tended
to show an overall upward trend, except for a decrease from
baseline to T1 in control group 1. No significant difference in
anxiety score was found between participants in the life review
group and control group 1 at T1 (P=.80). However, the anxiety
score was significantly lower in the life review group than in
control group 1 at T2 and T3 (P=.02 for both). Compared with
control group 2, the scores significantly decreased in the life
review group at all follow-up sessions (P=.01, P=.02, and P=.01
at T1, T2, and T3, respectively).
A similar tendency was found in the depression score. There
was a significant decrease in the life review group at all periods,
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and an increase in control group 2 from baseline (P=.02, P<.001,
and P=.002 for T1, T2, and T3, respectively). As for control
group 1, depression decreased significantly at T1 (P<.001) and
increased at T2 and T3 (P=.07 and P=.37, respectively). The
depression scores did not differ significantly between the life
review group and control group 1 at T1 (P=.51), but depression
was significantly lower in the life review group than in control
group 1 at T2 and T3 (P=.003 and P<.001, respectively). There
was also a significant difference in the depression score between
the life review group and control group 2 at all follow-up
sessions (P=.02 for both T1 and T2, P=.004 for T3).
A significant difference was observed in the hope score between
the life review group and the 2 control groups at all follow-up
sessions. Intragroup comparisons showed a significant increase
in hope in the life review group after the intervention at T1, T2,
and T3 (all P<.001). No significant differences were found over
time in control group 1 (P=.55, P=.32, and P=.46 for T1, T2,
and T3, respectively), while significant decreases were found
in control group 2 at T1, T2, and T3 (P=.02 for both T1 and T2,
P=.002 for T3).
In terms of self-transcendence, there was a significant difference
between the life review group and the 2 control groups at T1,
T2, and T3. Intragroup comparisons showed a significant
increase in self-transcendence in the life review group after the
intervention at T1, T2, and T3 (all P<.001). No statistically
significant differences were found in self-transcendence over
time for control group 1 (P=.46, P=.51, and P=.24 for T1, T2,
and T3, respectively), while significant decreases were found
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in control group 2 at T1, T2, and T3 (P=.01, P=.04, P=.01 for
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T1, T2, and T3, respectively).

Table 2. Outcome variables at baseline and posttests (N=150; n=50 in each group).
T0,a mean (SD)

T1,b mean (SD)

T2,c mean (SD)

T3,d mean (SD)

Life review

3.74 (3.92)

2.84 (2.61)

3.00 (3.18)

2.98 (2.71)

Control 1

3.68 (3.39)

2.68 (2.55)

4.56 (2.43)

4.40 (2.37)

Control 2

4.02 (3.90)

4.50 (4.06)

4.58 (4.22)

4.50 (3.54)

Life review

3.52 (3.40)

2.86 (2.80)

2.86 (2.87)

2.80 (1.91)

Control 1

4.84 (4.04)

3.32 (3.05)

5.26 (4.36)

5.08 (3.62)

Control 2

4.02 (3.97)

4.58 (4.39)

4.80 (4.66)

4.88 (4.51)

Life review

36.76 (4.53)

38.58 (4.12)

38.12 (3.75)

38.04 (3.58)

Control 1

36.50 (3.64)

36.62 (3.49)

36.28 (3.31)

36.30 (3.54)

Control 2

36.46 (3.17)

35.98 (3.25)

35.94 (3.40)

35.60 (3.05)

Life review

46.40 (6.46)

49.04 (5.80)

48.62 (6.03)

48.88 (5.44)

Control 1

46.08 (6.06)

46.30 (5.36)

45.86 (5.84)

45.26 (5.43)

Control 2

45.44 ( 6.39

44.68 (6.27)

44.74 (6.25)

44.52 (5.95)

Outcome variables
Anxiety

Depression

Hope

Self-transcendence

a

T0: baseline.

b

T1: 2 days postintervention.

c

T2: 1 month postintervention.

d

T3: 6 months postintervention.
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Table 3. Parameter estimates of the models with random intercept and random slope.
Model
(random
intercept
and
slope;
fixed effects)

a

Anxiety

Depression

Estimate

Standard
error

t test
(df)

t test
(df)

Intercept

4.020

0.468

8.599 <.001 4.020
(170.11)

0.526

7.642 <.001 36.460 0.508
(168.22)

71.817 <.001 45.440 0.842
(168.78)

53.992 <.001
(162.09)

LRGa

–0.280 0.661

–0.424 .67
(170.11)

–0.500 0.744

–0.672 .50
(168.22)

0.300

0.718

0.418 .68
(168.78)

0.960

1.190

0.807 .42
(162.09)

CG1b

–0.340 0.661

–0.514 .61
(170.11)

0.820

0.744

1.102 .27
(168.22)

0.040

0.718

0.056 .96
(168.78)

0.640

1.190

0.538 .59
(162.09)

T1c

0.480

0.204

2.354
(441)

.02

0.560

0.221

2.538
(441)

.01

–0.480 0.216

–2.227 .03
(441)

–0.760 0.301

–2.522 .01
(441)

T2d

0.560

0.204

2.747
(441)

<.001 0.780

0.221

3.535
(441)

<.001 –0.520 0.216

–2.413 .02
(441)

–0.700 0.301

–2.323 .02
(441)

T3e

0.480

0.204

2.354
(441)

.02

0.221

3.898
(441)

<.001 –0.860 0.216

–3.990 <.001 –0.920 0.301
(441)

–3.053 <.001
(441)

LRG:T1

–1.380 0.288

–4.786 <.001 –1.220 0.312
(441)

–3.910 <.001 2.300
(441)

0.305

7.546
(441)

<.001 3.400

0.426

7.977
(441)

<.001

CG1:T1

–1.480 0.288

–5.133 <.001 –2.080 0.312
(441)

–6.666 <.001 0.600
(441)

0.305

1.969
(441)

.05

0.980

0.426

2.299
(441)

.02

LRG:T2

–1.300 0.288

–4.509 <.001 –1.440 0.312
(441)

–4.615 <.001 1.880
(441)

0.305

6.168
(441)

<.001 2.920

0.426

6.851
(441)

<.001

CG1:T2

0.320

1.110
(441)

–1.154 .25
(441)

0.300

0.305

0.984
(441)

.33

0.480

0.426

1.126
(441)

.26

LRG:T3

–1.240 0.288

–4.301 <.001 –1.580 0.312
(441)

–5.064 <.001 2.140
(441)

0.305

7.021
(441)

<.001 3.400

0.426

7.977
(441)

<.001

CG1:T3

0.240

0.288

0.832
(441)

–1.987 .05
(441)

0.660

0.305

2.165
(441)

.03

0.100

0.426

0.235
(441)

.82

Random
intercept
variance

9.889

3.145

12.619 3.552 N/Af

N/A

N/A

N/A

11.726 3.424

N/A

N/A

33.145 5.757

N/A

N/A

Residual
variance

1.039

1.019

1.217

N/A

N/A

N/A

1.161

N/A

N/A

2.271

N/A

N/A

.27

.41

Estimate

0.860

–0.360 0.312

–0.620 0.312

1.103 N/A

P
value

Estimate

Self-transcendence

Standard
error

0.288

P
value

Hope

Standard
error

1.078

t test
(df)

P
value

Estimate

Standard
error

1.507

t test
(df)

P
value

LRG: life review group.

b

CG1: control group 1.

c

T1: 2 days postintervention.

d

T2: 1 month postintervention.

e

T3: 6 months postintervention.

f

N/A: not applicable.
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Figure 2. Changes in the mean scores for anxiety, depression, hope, and self-transcendence in the patients over time. CG1: control group 1; CG2:
control group 2; LRG: life review group; T0: baseline; T1: 2 days postintervention; T2: 1 month postintervention; T3: 6 months postintervention.

Discussion
Primary Findings
This is the first study to evaluate the effects of an online life
review intervention on the psychospiritual well-being of patients
with digestive system cancer; this study adopted a rigorous
randomized controlled trial design with a very large sample size
and long follow-up time. Our results show that the
WeChat-based life review program could reduce anxiety and
depressive symptoms and improve feelings of hope and
self-transcendence among patients with digestive system cancer
for a period of at least 6 months after the intervention. Our
findings also revealed that friendly visiting might reduce anxiety
symptoms in the short term; however, it did not improve
depressive symptoms, feelings of hope, or self-transcendence
among patients with digestive system cancer.

Participants’ Adherence
Fifteen of 150 participants (10%) withdrew after 6 months of
follow-up, which is an attrition rate lower than that of previous
online life review studies [16,36]. Specifically, in the life review
group, 46 out of 50 patients completed the whole program,
https://www.jmir.org/2022/8/e36000
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indicating that the WeChat-based life review program was well
implemented. A possible reason may be that life review is a
naturally occurring, universal mental process among patients
with cancer in the final life stage [37]. Patients with deteriorating
health or low functionality can still participate in life review,
even when lying in bed [38]. The low dropout rate may also be
due to the simplicity, convenience, efficiency, and mobility of
the WeChat-based program, especially among patients with
cancer [39]. Considering the time and space limitations, it
provided a range of ways to communicate, including text and
pictures, voice messages, and video calls, allowing patients to
participate in the program at any convenient time and location.

Patients’ Outcomes
Among patients with digestive system cancer, anxiety symptoms
significantly decreased from baseline up to 6 months after the
life review intervention, which is consistent with previous
research findings [40]. It is also worth noting that friendly
visiting might help reduce anxiety symptoms in the short term,
but not the long term. Scholars have put forward the idea that
expression is an effective way of regulating emotions, allowing
patients to feel supported by others, sort out their thoughts, and
release negative emotions [41,42]. In this study, both friendly
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
visiting and life review were conducted in a virtual, individual
session where patients could feel safe and comfortable and
reveal their innermost feelings in a familiar environment.
Friendly visiting allowed patients to express their complaints
about the disease and helped them divert their attention to other
achievable things, leading to a temporary decrease in anxiety.
Conversely, the WeChat life review program’s long-term
effectiveness may be due to opportunities for patients to retrieve
positive thoughts, express and re-evaluate negative emotions,
focus on the balance of positive and negative reminiscences,
and integrate memories into a meaningful whole. Though painful
memories may be picked up during the life review process, the
facilitator offers guidance to consider these memories from
other perspectives. Accordingly, patients are able to let go,
accept, or even gain fresh insights into their lives, finally
achieving self-integrity [8]. Meanwhile, the friendly visiting
intervention focused on daily conversations without reviewing
the past and with no guidance from the facilitator; thus, its effect
on anxiety was unstable, with patients’ anxiety scores going
back to baseline or increasing 1 and 6 months after the
intervention.
Our study results further confirmed the long-term benefits of
the life review intervention for patients with digestive system
cancer. The WeChat-based life review program significantly
decreased depressive symptoms long-term, for at least 6 months
after the intervention. This is in line with the findings of Lamers
et al [43], who reported positive effects 6 months after the
implementation of a similar program to ours among adults with
moderate depressive symptoms.
The decrease in depression scores might be due to the
accumulation of positive thoughts [44]. The WeChat-based life
review program facilitated the retrieval of happy feelings from
positive memories, prompted by means of appreciating images,
music, videos, and audio-picture books. It also provided an
opportunity for patients to learn from the past and affirm their
contributions to families and society, which may induce positive
emotions. On the other hand, reconciling negative experiences
contributes to relieving depressive symptoms and improving
one’s emotional state [45]. In the process of life review, patients
were encouraged to optimistically interpret the negative
experiences in their own way to give positive meaning to the
unpleasant stories, difficulties, and disappointments in their
lives. From different perspectives, those negative experiences
were reconstructed to bring about desired changes in the
patients’ views of themselves and their world. Finally, various
life experiences were integrated into an acceptable whole and
the patients moved toward acceptance of their lives.
Significant improvements in hope were also perceived among
patients with cancer who participated in the WeChat-based life
review program, consistent with previous research [11,46]. It
might be that life review helps patients collate and learn from
their pasts and reaffirm their contributions and accomplishments
to their families and society, strengthening their awareness of
their existence. During the life review process, patients may
also perceive support from the facilitator and their family, since
positive correlations have been observed between social support
and increased hope [47]. Alternatively, patients could have set
goals that matched their ability, making them more likely to be
https://www.jmir.org/2022/8/e36000
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successful, thus increasing their feelings of hope. Through the
life review intervention, patients become systematically aware
of their life trajectory, gain a better understanding of their
current situation, and take action congruent with their palliative
situation. In addition, the e-legacy products may be beneficial
to increase the patients’ hope. A systematic review has reported
that patients are in a positive state when reviewing their lives,
especially when they view, touch, and appreciate the e-legacy
product made in the life review process [8]; such feelings are
maintained for a period of time.
Significant increases in self-transcendence were observed among
patients with digestive system cancer who participated in the
WeChat-based life review program, which is consistent with
previous findings [23,48]. According to Reed [49],
self-transcendence is an expansion of one’s conceptual
boundaries; inwardly, through introspective activities,
outwardly, through concerns about others’ welfare, and
temporally, by integrating perceptions of one’s past and future
to enhance the present. The following reasons explain how our
WeChat-based life review program could improve
self-transcendence. First, during life review, patients recall and
evaluate life experiences, and they are encouraged to express
their feelings, reorganize their perspectives, and reconstruct the
meaning of their lives, which can strengthen the inward domain
of self-transcendence. Second, the WeChat-based life review
program helps patients connect with their surroundings, which
can improve outward transcendence by engaging in reciprocal
relationships. While reviewing their lives, patients can
reconsider and reflect on their connections to family and society,
thereby discovering important emotional support around them.
Third, the WeChat-based life review program integrates patients’
past and future to improve their present, which is helpful in
enhancing the temporal domain of self-transcendence. In sum,
the WeChat-based life review program enabled patients to
gradually focus on caring for others, transcending the present
and achieving self-transcendence by introspection and gaining
a harmonious view of the past, present, and future.
This study explored new possibilities for psychological
interventions in oncology. The program took advantage of
WeChat’s increased availability and scalability to life review
interventions, which is expected to overcome the obstacles of
geographic distance and traffic issues, benefiting more patients,
especially remotely located individuals. WeChat also promises
to reduce personnel resources for delivery compared with
face-to-face interventions. We recommend that future studies
also examine the cost-effectiveness of this program, which could
convince facilitators to engage in practice and integrate this
intervention into transitional care in the community for patients
with cancer.

Limitations
The limitations of this study should be noted. First, the
WeChat-based life review program may not be suitable for
people with poor literacy skills, because they may encounter
difficulties in completing the 4 life review modules. Second,
participant recruitment took place in only 1 hospital; hence, the
generalizability of the findings may be limited. Multicenter and
transregional research with a rigorous design is recommended
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in future research. In addition, this study covered multiple types
of cancer diagnoses; future studies may consider selecting
patients with the same cancer diagnosis.

Conclusions
Our WeChat-based life review program showed short- and
long-term effectiveness in reducing anxiety and depressive

Zheng et al
symptoms and improving hope and self-transcendence among
patients with digestive system cancer. By contrast, friendly
visiting might reduce anxiety symptoms, but did not influence
depression, hope, or self-transcendence. Accordingly, this
WeChat-based life review program should be integrated into
transitional care for digestive system cancer.
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Abstract
Background: Chronic kidney disease (CKD) is linked to major health consequences and a poor quality of life. Despite the fact
that CKD is becoming more prevalent, public knowledge of the disease remains low.
Objective: This study aimed to evaluate the outcome of a health education intervention designed to enhance knowledge,
health-related quality of life (QOL), and motivation about healthy lifestyle among adults with CKD.
Methods: This study was a parallel-group (1:1), randomized controlled trial in the Mirzapur subdistrict of Bangladesh that
compared 2 groups of patients with CKD. Adults with CKD (stages 1-3) were enrolled in November 2020 and randomly assigned
the intervention or control group. The intervention group received health education through a CKD awareness campaign and
mobile health technologies and was observed for 6 months, whereas the control group received standard treatment. The primary
outcome was the evaluation of improved scores on the CKD knowledge questionnaire, and the secondary outcomes were improved
QOL and changes in the levels of blood pressure (BP), BMI, serum creatinine, fasting blood sugar (FBS), hemoglobin, cholesterol,
high-density lipoprotein cholesterol, triglyceride, serum uric acid, blood urea nitrogen (BUN), and albumin-to-creatinine ratio.
Results: The study enrolled 126 patients (control: n=63; intervention: n=63) and performed intention-to-treat analysis. The
analyses included repeated measures ANOVA, and the results were observed to be significantly different from within groups
(P<.001), between groups (P<.001), and the interaction of group × time factor (P<.001) for knowledge score. Diastolic BP and
BMI showed significant differences arising from within groups (P<.001 and P=.01, respectively) and the interaction of group ×
time factor (P=.001 and P=.02, respectively); food salinity and hip circumferences showed significant differences arising from
within groups (P=.001 and P=.03, respectively) and between groups (P=.001 and P=.02, respectively). Moreover, systolic BP
and waist circumference showed significant differences from within groups (P<.001 and P=.003, respectively). However, no
significant differences were found arising from within groups, between groups, and the interactions of group × time for QOL,
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urine salinity, and mid-upper arm circumference. Regarding the laboratory findings, from baseline to 6 months, the mean (SD)
FBS decreased by 0.51 (3.77) mmol/L in the intervention group and 0.10 (1.44) mmol/L in the control group (P=.03); however,
blood urea nitrogen increased by 3.64 (7.17) mg/dL in the intervention group and 1.68 (10.10) mg/dL in the control group (P=.01).
Conclusions: The health education strategy, which included a campaign and mobile health, showed promise for enhancing
CKD knowledge among patients with CKD. This strategy may also aid patients with CKD in controlling their FBS and BP. The
combined health education initiatives give evidence for scaling them up in Bangladesh and possibly other low- and middle-income
countries, particularly in rural and peri-urban settings.
Trial Registration: ClinicalTrials.gov NCT04094831; https://clinicaltrials.gov/ct2/show/NCT04094831.
International Registered Report Identifier (IRRID): RR2-10.2196/30191
(J Med Internet Res 2022;24(8):e37314) doi:10.2196/37314
KEYWORDS
Bangladesh; health education; health knowledge; quality of life; motivation; randomized controlled trial; RCT; campaign; chronic
kidney disease; knowledge; mobile health; mHealth; kidney; chronic disease; chronic condition; patient education; patient
knowledge; low- and middle-income countries; LMIC

Introduction
Chronic kidney disease (CKD) is responsible for poor health
outcomes, low quality of life (QOL), and high health care
expenses [1]. Globally, the rising trend of CKD is being
recognized as a future public health threat [2]. The prevalence
of CKD in stages 1-3 has been documented at 8.9% of the global
population [3], with rates higher in low-income nations such as
India (15.6%) [4] and Bangladesh (21.33%) [5]. Early stage
CKD is generally asymptomatic, and diagnosis is usually made
through serum creatinine and albumin-to-creatinine ratio tests
[6]. If left undetected and untreated, CKD can proceed to
end-stage renal disease, which requires expensive renal
replacement therapy such as dialysis or kidney transplantation
to save the patient’s life [7]. Over the last decade, the economic
burden of renal replacement therapy has increased dramatically
and is substantially higher in low- and middle-income countries
(LMIC) than in high-income countries [8]. Although primary
renal disease causes CKD, the great majority of patients with
CKD have concomitant health conditions such as diabetes,
hypertension, and older age [9]. The majority of individuals
with nonprimary renal disease are treated for associated risk
factors such as diabetes and hypertension rather than the CKD
itself [10]. Glomerular filtration rate declines slowly in most
patients with CKD in stages 1-3; however, the declining trend
varies among individuals and is influenced by a variety of
factors such as diabetes, high blood pressure (BP), and older
age, etc [6]. Individuals with CKD who receive proper
information and knowledge about CKD and its risk factors are
more likely to engage in health-promoting behaviors and
lifestyle changes [11]. CKD early diagnosis and prevention
strategies, such as a CKD preventive campaign, are currently
being applied in a number of high-income countries. Increasing
knowledge about CKD and its risk factors is a crucial strategy
for slowing the disease’ progression.
In Bangladesh, community health workers (CHWs) are health
cadres who work in public-sector health facilities. In recent
years, CHWs in some places have begun to provide services
for noncommunicable diseases, including health education and
counseling [12]. The use of CHWs to deliver an education and
monitoring intervention has been found to be effective in
https://www.jmir.org/2022/8/e37314

XSL• FO
RenderX

noncommunicable diseases such as reducing BP and has the
potential to be scaled up in resource-limited settings [13,14].
They can make a substantial difference in the health of patients
living with CKD. CHWs can educate patients to help protect
their own kidneys and improve their QOL [15]. Mobile health
(mHealth) is still in its implementation phase in the field of
nephrology. However, mobile phone call–based health education
has great potential to provide CKD knowledge and improve
QOL, because it relies on basic mobile technology and requires
limited
literacy
or
numeracy
skills
[15].
A
nephrologist-facilitated CKD health campaign also has the
potential to improve patients’ knowledge and awareness [16,17].
The education of patients with CKD may increase perceived
kidney disease knowledge among patients, improve QOL, and
delay the progression of kidney disease [18,19]. A
community-based screening revealed a high prevalence of CKD
in stages 1-3, with only around 7% of the people being aware
of their condition prior to the study; however, no health
education intervention for these stages was investigated [5].
Most studies on the education of patients with CKD have
focused on individuals with end-stage disease and shown
improved outcomes [11]. However, a CKD campaign and
mHealth-based health education in the early stages could be an
integral part of patient management and the reduction of the
related risk factors, slowing down the progression of the disease,
and the need for such education is greater in rural and peri-urban
areas. Thus, this study aimed to evaluate the outcome of a health
education intervention designed to enhance knowledge,
health-related QOL, and motivation about healthy lifestyle
among rural and peri-urban adults with CKD (stages 1-3).

Methods
Design
This study was a community-based, single-center, prospective,
open-label, parallel-group (1:1), randomized control trial (RCT)
involving patients with CKD, conducted in a rural and
peri-urban population of Bangladesh. This study was designed
in accordance with the CONSORT (Consolidated Standards of
Reporting Trials) [20] and SPIRIT (Standard Protocol Items:
Recommendations for Interventional Trials) [21] guidelines.
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The study flowchart is shown in Figure 1. The total study
duration was 1 year; during that 1 year, the intervention duration
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was 6 months, starting from mid-November 2020 and completed
in May 2021.

Figure 1. Flowchart of the participants throughout the study. CKD: chronic kidney disease.

Study Population and Sampling
This study was conducted in the demographic surveillance
system (DSS) area of the Mirzapur subdistrict under the Tangail
district, which is 60 km north of Dhaka, the capital city of
Bangladesh. The details of the Mirzapur DSS have been
described in a previous publication [5]. The research team
completed a CKD prevalence study before implementing this

RCT [5]. The Chronic Kidney Disease Epidemiology
Collaboration equation was used to estimate glomerular filtration
rate [22], and the National Kidney Foundation Kidney Disease
Outcomes Quality Initiative guidelines were used to define and
indicate the stages of CKD [23]. We randomly enrolled study
patients from the residents of the DSS who have been diagnosed
with CKD. The inclusion and exclusion criteria are shown in
Textbox 1.

Textbox 1. Inclusion and exclusion criteria.
Inclusion Criteria
•

Adults (aged ≥18 years) of either gender, diagnosed with chronic kidney disease in stages 1-3 (any one of the following: estimated glomerular
filtration rate = 30-59 mL/min/1.73 m2 and albumin-to-creatinine ratio ≥30 mg/g for more than 3 months) [24]

•

Lived continuously in the locality for at least 5 years

•

Has a personal cell phone or access to a shared phone

•

Gave written informed consent to participate in the study

Exclusion Criteria
•

Individuals diagnosed with chronic kidney disease in stages 4 and 5

•

Hospitalized at the time of enrollment

•

Having any known, serious illness with questionable prognosis; for example, malignancy, mental illness, congenital disease, or gross physical
disability (if they have prescriptions)

•

Declined to give consent to participate in the study

Randomization
Permuted block randomization technique was performed using
a block size of 6 based on a computer-generated random number
https://www.jmir.org/2022/8/e37314
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sequence. An experienced statistician, who is not involved in
the study in any way, prepared the randomization table and
listed the study patients’ numbers with the corresponding
intervention allocations for patients with CKD in sequentially
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numbered, sealed envelopes according to the randomization
schedule to correspond to the serial numbers of the patients with
CKD. These envelopes were kept in an office locker. Allocation
was concealed in identical sealed envelopes that were only
opened when the study patient was ready for enrollment under
the supervision of the principal investigator. This step took place
after a patient with CKD had been enrolled in the study, after
obtaining voluntary informed written consent and having been
assigned a study number.

CKD Awareness Campaign

Study Activities and Contents

mHealth Technology

CHWs conducted baseline home visits during the first week
and received written informed consent before interviewing
research patients and administering field-tested standardized
questionnaires to collect information on socioeconomic and
demographic characteristics, level of knowledge, and QOL.
Next, they advised the study patients to visit Kumudini
Women’s Medical College and Hospital’s laboratory for
study-related investigations. After evaluating the study patients’
eligibility, the statistician performed the randomization. The
responsible research staff then opened the sealed envelope,
revealing the patient’s random allocation, and handed the
patient’s ID number to the CHWs. Staff in this trial were not
blinded to the intervention or control groups; however, they
were blinded to the baseline interview. The CHWs called the
enrolled trial patients assigned to the intervention group and
invited them to the CKD awareness campaign.

A nephrologist trained the CHWs to conduct the mHealth
education. The CHWs were trained over 3 days. The training
was facilitated by a nephrologist and coordinated by the project’s
principal investigator. The program included lectures,
discussions, question-and-answer sessions, and role-playing.
We developed training materials that were tied to the study
objectives to ensure that the CHWs acquired the skills needed
to deliver the education to the target patients. The CHWs
conducted the health education over a mobile phone call using
mHealth technology once every 2 weeks during the intervention
period. They discussed with the study participants in the
intervention group about fundamental kidney disease, risk
factors, and CKD prevention methods. Over a 10-minute session,
the patients were free to discuss their health-related concerns
with the CHWs. The details of the contents have been described
in the protocol paper [25] (Multimedia Appendix 2).

In addition to baseline, at 3 and 6 months, the CHWs visited
the patients’ homes for an interview and physical examination
using the same questionnaire. After 6 months, the CHWs advised
the study patients to visit the laboratory for study-related
investigations.

BP Check

During the home visits, the CHWs used a Portable Health Clinic
box with the essential diagnostic equipment for this research
(the details were described in our previous paper) [25]. At the
baseline, they collected sociodemographic information such as
age, gender, marital status, religion, occupation, educational
background, income per month, patient’s current medical history
including medication use, past medical history, and family
history (3 generations) including current and immediate past
medical history. The same information was collected at 3 and
6 months in case of any changes from the baseline. They also
administered a questionnaire on CKD knowledge and QOL.
Physical examinations were performed to measure BP, pulse,
height, weight, waist and hip circumferences, and mid-upper
arm circumference (MUAC). In addition, blood and spot urine
samples were taken to estimate the kidney function status and
their related risk factors such as serum creatinine, fasting blood
sugar (FBS), hemoglobin, cholesterol, high-density lipoprotein
cholesterol, triglyceride, serum uric acid, blood urea nitrogen
(BUN), and albumin-to-creatinine ratio (Multimedia Appendix
1).

Control Group

Intervention Group
A CKD awareness campaign and mHealth technologies were
used to provide health education to the intervention group.
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A nephrologist conducted the CKD awareness campaign in the
native language (Bengali). Important information related to
CKD, such as the basics of kidney function and kidney diseases,
stages, risk factors, and preventive measures were discussed
during the half day campaign. Health education materials
(leaflet, short textbook, and recording notebook) were provided
to the study patients. The details of the CKD campaign have
been discussed in the protocol paper [25].

During the intervention phase, CHWs performed weekly home
visits to the patients belonging to the intervention group and
measured their BP.

The control group received usual care and was observed without
intervention throughout the trial period. At 3 and 6 months, an
interview and physical examination were conducted for these
patients. Furthermore, they returned to the laboratory for
study-related investigations after 6 months.

Sample Size
The sample size was calculated based on the primary
outcome—the enhanced knowledge of the study patients
following the intervention of the health education program. We
assumed that the proportion of existing knowledge among
patients with CKD (stages 1-3) was 40% [26], with the
percentage of predicted knowledge increasing to 70% following
the intervention. As a result, with 90% power and 20% loss to
follow-up, the total sample size was 126 (63 in each group).
The details of the sample size calculation have been described
in the protocol paper [25].

Study Outcomes
The primary and secondary outcomes were measured at baseline,
3 months, and 6 months for both the intervention and control
groups (Textbox 2). The laboratory parameters were measured
at baseline and 6 months.
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Textbox 2. Primary and secondary outcomes.
Primary Outcome
•

Evaluation of improved scores on the Chronic Kidney Disease Knowledge Questionnaire [26]

Secondary Outcomes
•

Improved quality of life; measured by the EQ-5D-5L quality of life questionnaire [27]

•

Changes in the levels of blood pressure, BMI, serum creatinine, fasting blood sugar, hemoglobin, cholesterol, high-density lipoprotein cholesterol,
triglyceride, serum uric acid, blood urea nitrogen, and albumin-to-creatinine ratio

Measurements of Knowledge and QOL
The evaluation of knowledge was measured using the Kidney
Knowledge questionnaire, a 24-item scale designed to assess
the CKD knowledge of patients in stages 1-3. A more in-depth
description of the method has been mentioned elsewhere [25].
QOL was measured using the standardized EQ-5D-5L
questionnaire [28]. In this study, we used the Japanese region’s
tariff to define the standard value (tariff) for EQ-5D-5L to assess
the impact of the health care interventions on QOL.

Statistical Analysis
In this study, intention-to-treat analysis was used to compare
the outcomes of the intervention and control groups. Missing
data were dealt with by using the last observation carried
forward method [29]. All baseline indicators at the time of
registration were analyzed to ensure the comparability of the
randomized samples. For the baseline assessment, continuous
variables were compared by 2-tailed t test or Mann-Whitney U
test, and categorical variables were compared by chi-square
test. Multiple comparisons were performed by 2-way repeated
measures ANOVA for the evaluation of the outcome variables
such as CKD knowledge questionnaire, physical measurements,
and QOL at baseline, 3 months, and 6 months. In addition,
generalized estimating equations were used to estimate the effect
of the health education after adjusting for relevant covariates.
However, outcome variables for laboratory findings were
measured at baseline and 6 months. Changes in the laboratory
profiles were compared between the intervention group and
control group by 2-tailed t test or Mann-Whitney U test after
checking the data normality. The significance level was set at
P<.05. The statistical analyses were conducted using SPSS
statistical software (version 20.0; IBM Corp).

Consent to Participate
All study patients provided written informed consent and
participated entirely voluntarily. The patients received a copy
of the consent form. Each study patient received written
information about the aim of the study and was informed that
they could decide to leave the study at any time and for any
reason. Patients in the intervention group were informed that
they would get additional health education alongside the usual
care, whereas patients in the control group were informed that
they would not receive any interventions. Patients were assured
that their information would not be disclosed, and they were
informed about the use of data for analysis and the use of the
results for enhancing patient care activities, conducting research,
and publication without disclosing their name or identity.
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Ethics Approval
Ethical approval was obtained by the Research Review
Committee and Ethical Review Committee of the International
Centre for Diarrhoeal Disease Research, Bangladesh (icddr,b)
(PR 19081). The study was registered at ClinicalTrials.gov
(NCT04094831).

Results
A total of 126 patients (control group: n=63; intervention group:
n=63) were enrolled in the study. Of the 126 patients, 5
withdrew from further participation during the follow-up
period—4 from the intervention group and 1 from the control
group. Of the 4 patients who withdrew in the intervention group,
2 did not participate in the health campaign, and the other 2 did
not continue their health education. The patient in the control
group, on the other hand, left the area after enrollment into the
study. The analyzable study patients, however, still comprised
126 patients, including 63 receiving mHealth education and 63
receiving usual care. Among these study patients, the mean
(SD) age was 57.97 (15.03) years and 57.32 (14.37) years for
the control and intervention groups, respectively. Among the
63 study patients in each group, 71% (n=45) were female in the
control group, whereas 60% (n=38) were female in the
intervention group; 67% (n=42) were housewives in the control
group, whereas 56% (n=35) were housewives in the intervention
group; and 79% (n=50) were married in the control group,
whereas 71% (n=45) were married in the intervention group.
Furthermore, comparisons between the control and intervention
groups in 4 other categories show the following differences:
being illiterate at 40% (n=25) versus 48% (n=30), income <US
$100/month at 14% (n=9) versus 22% (n=14), present tobacco
user at 13% (n=8) versus 16% (n=10), and current smokeless
tobacco user at 43% (n=27) versus 30% (n=19). These
characteristics did not differ significantly between the control
and intervention groups. Except for hip circumference, no
outcome indicators differed significantly at baseline. Baseline
details are given in Multimedia Appendix 3, and patient flow
through in the trial is shown in Figure 1.
The analyses included repeated measures such as ANOVA, and
the results were observed to be significantly different for within
groups, between groups, and the interaction of group × time
factor in terms of knowledge score. QOL on average changed
more favorably in the intervention group than in the control
group, but the difference largely failed to achieve statistical
significance. Diastolic BP and BMI showed significant
differences arising from within groups and the interaction of
group × time factor; food salinity and hip circumferences
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showed significant differences arising from within groups and
between groups. Moreover, Systolic BP and waist circumference
showed significant differences from within groups. However,
no significant differences were found arising from within groups,
between groups, and the interactions of group × time in terms
of urine salinity and MUAC (Table 1).
Using the generalized estimating equation, knowledge score
was considerably increased; however, food salinity and hip
circumference were significantly decreased in the intervention
group compared to the control group in both the unadjusted and
adjusted models. However, waist circumference was
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considerably lower in the intervention group than the control
group in the adjusted model (Table 2).
Regarding the laboratory findings, from baseline to 6 months,
the mean (SD) FBS decreased by 0.51 (3.77) mmol/L in the
intervention group and by 0.10 (1.44) mmol/L in the control
group (P=.03); however, BUN increased by 3.64 (7.17) mg/dL
in the intervention group and by 1.68 (10.10) mg/dL in the
control group (P=.01). No other laboratory parameters showed
any significant changes over the 6-month duration of the study
(Table 3).

Table 1. Changes in the study outcomes between the intervention group and control group over time (2-way repeated measures ANOVA test was
performed).
Characteristic, group

Baseline, mean (SD)

At 3 months, mean (SD) At 6 months, mean (SD) P value

Knowledge score (%)
Control

29.89 (18.81)

45.96 (19.30)

42.06 (17.06)

Intervention

27.78 (18.34)

68.98 (14.25)

70.76 (13.12)

Quality of life (EQ-5D-5L score)
Control

0.75 (0.14)

0.76 (0.14)

0.75 (0.14)

Intervention

0.78 (0.14)

0.78 (0.13)

0.78 (0.12)

Systolic blood pressure (mmHg)
Control

143.73 (24.22)

139.10 (21.89)

131.25 (19.05)

Intervention

143.43 (24.12)

130.96 (18.21)

126.55 (18.18)

Diastolic blood pressure (mmHg)
Control

88.37 (12.80)

88.20 (12.88)

82.19 (11.27)

Intervention

91.38 (12.93)

84.55 (10.70)

81.31 (11.99)

BMI (kg/m2)
Control

25.13 (3.49)

24.71 (3.60)

24.86 (3.73)

Intervention

23.83 (4.43)

23.84 (4.40)

23.77 (4.45)

Urine salinity (g)
Control

10.27 (2.79)

10.20 (2.73)

10.71 (3.24)

Intervention

10.64 (3.26)

10.80 (2.97)

10.40 (3.65)

Food salinity (g)
Control

0.65 (0.23)

0.69 (0.30)

0.62 (0.18)

Intervention

0.62 (0.20)

0.61 (0.22)

0.49 (0.15)

Mid-upper arm circumference (cm)
Control

28.11 (3.17)

27.89 (3.20)

28.00 (3.21)

Intervention

27.36 (3.39)

27.30 (3.40)

27.03 (3.16)

Waist circumference (cm)
Control

87.12 (11.03)

86.88 (10.95)

86.89 (11.01)

Intervention

84.18 (11.37)

84.08 (11.35)

84.01 (11.32)

Hip circumference (cm)
Control

93.72 (6.96)

93.55 (6.88)

93.57 (6.91)

Intervention

90.61 (8.75)

90.53 (8.71)

90.29 (8.89)
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Within
groups

Between
groups

Interaction

<.001

<.001

<.001

.83

.21

.91

<.001

.18

.05

<.001

.79

.001

.01

.13

.02

.96

.57

.40

.001

.001

.19

.11

.17

.21

.003

.15

.51

.03

.02

.34

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37314 | p.509
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Sarker et al

Table 2. Changes in the study outcomes between the intervention group and control group over time (using generalized estimating equation).
Characteristic

Unadjusted coefficient (95% CI)

P value

Adjusteda Coefficient (95% CI)

P value

Knowledge score (%)

16.53 (12.06-21.00)

<.001

15.95 (11.76-20.14)

<.001

Quality of life (EQ-5D-5L score)

0.02 (–0.01 to 0.07)

.20

0.019 (–0.02 to 0.05)

.36

Systolic blood pressure (mmHg)

–4.37 (–10.71 to 1.95)

.17

–4.14 (–10.43 to 2.14)

.19

Diastolic blood pressure (mmHg)

–0.5 (–4.19 to 3.170)

.78

–1.05 (–4.67 to 2.56)

.56

BMI (kg/m2)

–1.08 (–2.47 to 0.30)

.12

–1.01 (–2.26 to 0.23)

.11

Urine salinity (g)

0.22 (–0.53 to 0.97)

.56

0.15 (–0.61 to 0.92)

.69

Food salinity (g)

–0.08 (–0.12 to –0.03)

.001

–0.08 (–0.12 to –0.03)

.001

MUAC (cm)

–0.77 (–1.87 to 0.32)

.16

–0.86 (–1.86 to 0.14)

.09

Waist circumference (cm)

–2.87 (–6.74 to 0.99)

.14

–3.83 (–7.21 to –0.46)

.02

Hip circumference (cm)

–3.13 (–5.86 to –0.40)

.02

–3.09 (–5.60 to –0.58)

.01

b

a

Adjusted in a generalized estimating equation model for age, gender, education, marital status, and occupation.

b

MUAC: mid-upper arm circumference.

Table 3. Changes of the laboratory values, from baseline to 6 months, between the intervention group and control group (intention-to-treat analysis
was performed).
Variable

a

Intervention (N=63)

Control (N=63)

P value

Mean (SD)

95% CI

Mean (SD)

95% CI

FBSa (mmol/L)

–0.51 (3.77)

–1.46 to 0.44

–0.10 (1.44)

–0.46 to 0.26

.03b

Serum cholesterol (mg/dL)

–14.22 (27.58)

–21.17 to –7.27

–9.76 (24.57)

–15.95 to –3.57

.34c

Serum creatinine (mg/dL)

0.11 (0.18)

0.07-0.16

0.11 (0.21)

0.06-0.17

.63b

eGFRd (mL/min/1.73 m2)

–6.62 (9.81)

–9.09 to –4.15

–6.21 (8.95)

–8.46 to –3.95

.80c

Serum HDL-ce (mg/dL)

–1.36 (8.94)

–3.62 to 0.89

–2.16 (9.12)

–4.46 to 0.14

.58b

Serum triglyceride (mg/dL)

–18.82 (149.36)

–56.44 to 18.79

2.71 (83.51)

–18.32 to 23.75

.75b

Serum albumin (g/dL)

0.07 (0.18)

0.02-0.12

0.07 (0.17)

0.03-0.11

.89b

Hemoglobin (g/dL)

–0.37 (0.82)

–0.58 to –0.16

–0.52 (0.67)

–0.69 to –0.35

.65b

BUNf (mg/dL)

3.64 (7.17)

1.84-5.45

1.68 (10.10)

–0.86 to 4.22

.01b

Serum uric acid (mg/dL)

0.30 (0.94)

0.06-0.53

0.19 (1.01)

–0.06 to 0.45

.35b

ACRg (mg/g)

–86.80 (462.59)

–203.30 to 29.70

–78.08 (212.29)

–131.55 to –24.62

.27b

FBS: fasting blood sugar.

b

Mann-Whitney U test.

c

Independent 2-tailed t test.

d

eGFR: estimated glomerular filtration rate.

e

HDL-c: high-density lipoprotein cholesterol.

f

BUN: blood urea nitrogen.

g

ACR: albumin-to-creatinine ratio.

Discussion
Principal Findings
To our knowledge, this study is the first trial assessing the
outcomes of a health education intervention using a
nephrologist-facilitated health campaign and CHW-conducted
health education using mHealth technology on patients with
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CKD in Bangladesh. In this single-center, randomized trial of
patients with CKD in stages 1-3, health education through a
nephrologist-facilitated health campaign and CHW-conducted
mHealth education improved the patient knowledge status when
compared with usual patient care. In addition, mHealth can
significantly increase disease knowledge in patients with CKD.
The effectiveness of CKD campaigns in raising CKD awareness
and boosting motivation for healthy lifestyle changes to reduce
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CKD-related complications seems promising. Patients can rely
on nephrologists as they are a trusted channel for delivering
health education on CKD and related risk factors. Most LMIC
have a scarcity of nephrologists, particularly in rural areas;
therefore, policy makers should prioritize this leading health
problem while formulating appropriate intervention strategies.
On the other hand, CHWs play an important role in delivering
health education through mHealth [30], because they have the
ability to develop interventions and sustain community
well-being [31], especially in areas where there are a prevailing
shortage of registered physicians and nurses.
It is crucial for patients with CKD to keep their BP under control
as hypertension is a major risk factor for the development and
progression of CKD. In our analysis, the intervention group had
decreased systolic and diastolic BP at the end of the study.
Weekly BP measurements, in addition to health education, might
also have been influential for this study’s patients. Studies have
documented that regular BP monitoring reduces systolic and
diastolic BP significantly when compared to usual care [32].
Our findings are comparable with other similar studies that have
been undertaken in a range of settings [13,32]. An RCT in rural
India showed that a 3-month health education intervention
reduced BP in the intervention group compared to the control
group [13]. According to a research study, one-third of
Bangladeshis have never monitored their BP and have no idea
how to control it [14]. Weekly BP checks may alert patients to
their BP status, motivating them to better control their diastolic
BP. It has also been hypothesized that if patients are aware of
their weekly BP levels and know the risk of hypertension with
CKD, then they may be more likely to comply with medical
therapy in the longer term. In the intervention group, urine
salinity remained unchanged despite considerable reductions
in BP and dietary salinity. To decrease salt intake, people must
regulate their daily lives once they have gained knowledge,
which necessitates ongoing community education as well as
changes in food business policies.
Patients with diabetes and CKD are at a higher risk of
cardiovascular disease and renal failure. Comprehensive
education is essential for empowering patients with diabetes
and CKD to self-manage their health status [33]. Our effective
health education improved patients’ knowledge and awareness
about bringing changes in lifestyle and maintaining healthy
dietary practices in particular. We found that FBS level was
significantly reduced among the intervention group at the end
of the 6-month intervention period. According to a study
conducted among patients with diabetes in rural China [34],
health education enhanced diabetes knowledge and significantly
reduced FBS in the intervention group compared to the control
group. Related to the BMI, waist and hip circumferences also
showed a decreasing trend at the end of 6 months.
The intervention group’s BUN level increased significantly
when compared to the control group, which is a notable finding
in our study. In patients with CKD, BUN is a marker of the
retention of nitrogenous uremic solutes, which are
predominantly obtained from protein consumption [35].
Increased protein consumption is the most common extrarenal
cause of BUN elevation for patients in the early stage of CKD.
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Nutritional health education is strongly recommended to achieve
a positive outcome.
This study observed a favorable trend of QOL improvement in
the intervention group compared to the control group; however,
no significant improvement was observed. Health education
has a strong favorable influence on all health-related QOL
metrics in patients undergoing hemodialysis. However, in our
analysis, patients with CKD in stages 1-3 were included, and
the 6-month trial duration could be the primary explanation for
these poor outcomes. Overall, our data are in line with the
concept that health education may improve QOL, even though
our study patients in the intervention group were illiterate.
These, once again, could be linked to poor urine salinity and
MUAC outcomes. Improving QOL, urine salinity, and MUAC
in this population may be a challenging goal, and perhaps,
multiple interventions with longer duration would be the best
approach to the problem.

Limitations and Strengths
This study’s limitations include a small sample size and a
6-month intervention and follow-up period, in which a longer
follow-up period could generate more accurate results. Our
study patients were selected randomly from the 3 unions of the
Mirzapur subdistrict, and this does not represent the entire rural
and peri-urban population with CKD. Moreover, data
contamination by neighbors and family members was very
plausible; however, the CHWs obtained a verbal agreement
from the study patients not to share any study details with their
neighbors or other family members. Furthermore, since the
participants provided their own data, the outcome assessment
was not blinded. The strengths of the study include the
facilitation of the health campaign by a nephrologist, and the
CHWs’ provision of health education through mobile phone
calls in the patients’ native language (Bengali). Health education
materials were developed using the same native language for
better understanding even with the patients’ minimum technical
knowledge and skills. Furthermore, the study’s strengths are
the unbiased systematic sampling approach used to recruit
patients and the standard laboratory facility used to identify
patients with CKD.

Practical Implications
Integrating nephrologists and CHWs for health education may
enhance the knowledge, glycemic control, and hypertension
care of patients with CKD in rural and peri-urban Bangladesh.
A CKD campaign and the use of mHealth technology would
be substantial advantages for the target populations to minimize
CKD risk factors. BP monitoring should be included in the
routine care of patients with hypertensive CKD to control their
BP.

Conclusions
The health education intervention through a campaign and
mHealth technologies demonstrated the potential for improving
CKD knowledge among patients with CKD. Education
campaigns may have potential for improving FBS and BP among
patients with CKD. Both the positive outcomes of health
education and weekly BP monitoring interventions on patients
with CKD provide evidence for the potential scaling up of these
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interventions in Bangladesh and possibly other LMIC, especially
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in rural and peri-urban settings.
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Abstract
Background: Little is known about how individuals engage over time with smartphone app interventions and whether this
engagement predicts health outcomes.
Objective: In the context of a randomized trial comparing 2 smartphone apps for smoking cessation, this study aimed to determine
distinct groups of smartphone app log-in trajectories over a 6-month period, their association with smoking cessation outcomes
at 12 months, and baseline user characteristics that predict data-driven trajectory group membership.
Methods: Functional clustering of 182 consecutive days of smoothed log-in data from both arms of a large (N=2415) randomized
trial of 2 smartphone apps for smoking cessation (iCanQuit and QuitGuide) was used to identify distinct trajectory groups. Logistic
regression was used to determine the association of group membership with the primary outcome of 30-day point prevalence of
smoking abstinence at 12 months. Finally, the baseline characteristics associated with group membership were examined using
logistic and multinomial logistic regression. The analyses were conducted separately for each app.
Results: For iCanQuit, participants were clustered into 3 groups: “1-week users” (610/1069, 57.06%), “4-week users” (303/1069,
28.34%), and “26-week users” (156/1069, 14.59%). For smoking cessation rates at the 12-month follow-up, compared with
1-week users, 4-week users had 50% higher odds of cessation (30% vs 23%; odds ratio [OR] 1.50, 95% CI 1.05-2.14; P=.03),
whereas 26-week users had 397% higher odds (56% vs 23%; OR 4.97, 95% CI 3.31-7.52; P<.001). For QuitGuide, participants
were clustered into 2 groups: “1-week users” (695/1064, 65.32%) and “3-week users” (369/1064, 34.68%). The difference in the
odds of being abstinent at 12 months for 3-week users versus 1-week users was minimal (23% vs 21%; OR 1.16, 95% CI 0.84-1.62;
P=.37). Different baseline characteristics predicted the trajectory group membership for each app.
Conclusions: Patterns of 1-, 3-, and 4-week smartphone app use for smoking cessation may be common in how people engage
in digital health interventions. There were significantly higher odds of quitting smoking among 4-week users and especially
among 26-week users of the iCanQuit app. To improve study outcomes, strategies for detecting users who disengage early from
these interventions (1-week users) and proactively offering them a more intensive intervention could be fruitful.
(J Med Internet Res 2022;24(8):e39208) doi:10.2196/39208
KEYWORDS
acceptance and commitment therapy; ACT; digital interventions; eHealth; engagement; iCanQuit; QuitGuide; mobile health;
mHealth; smartphone apps; trajectories; tobacco; smoking; mobile phone
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Introduction
Background
User engagement in digital behavior change interventions has
predicted improved treatment outcomes across a wide variety
of domains, including mental health, physical activity, dietary
change, weight loss, alcohol use, and smoking cessation [1-9].
A central challenge in creating effective digital health behavior
change interventions is that a large proportion of users disengage
early from these interventions, thereby contributing to low
treatment success rates [2,10,11]. Given the importance of user
engagement, designing strategies to increase engagement has
been a priority of digital behavioral health interventions
[2,7,8,12,13].
Within the domain of cigarette smoking, smartphone apps for
smoking cessation have become a ubiquitous intervention
approach for which user engagement can be readily measured.
Nearly 500 English language smartphone apps for smoking
cessation have been downloaded more than 33 million times
since 2012 (R Nelson, SensorTower.com, personal
communication, April 15, 2020). Higher user engagement in
smartphone interventions for smoking cessation is predictive
of cessation outcomes [11,14-16]. Although this positive
association may partly be driven by self-selection bias (or
reverse causation), as users have not been randomized to
different levels of engagement, a certain level of exposure to
the intervention’s active ingredients is logically necessary for
successful behavior change [2]. This logic has led to a body of
work focusing on identifying design strategies that promote
user engagement. For example, tailoring content to individuals’
characteristics or unique situations, interactivity (eg, through
conversational agents) [17], and credibility have been found
across a range of studies using mixed methods to be important
for engagement with smoking cessation interventions.
Although smartphone intervention engagement is usually
measured by the number of log-ins, little is known about how
users engage with smartphone interventions over time and
whether those temporal patterns predict higher odds of smoking
cessation. In the educational literature, a well-documented
finding is that learning new material becomes more effective
when it occurs over a longer period [18]. This process, called
spaced practice, increases the variability in learning and
remembering new information [19]. The purpose of this study
was to determine, in the domain of smartphone apps for smoking
cessation, whether user engagement over time leads to improved
cessation outcomes.
Smartphone apps for smoking cessation are commonly available
for participants to use at will, resulting in high variations in use
trajectories over time. For example, some users may follow a
trajectory of logging in several times within the first few days
of starting an intervention and then never return. Others may
follow a trajectory in which they log in consistently and then
gradually taper off. Other users may follow a trajectory in which
they consistently log in over the course of several months.
Conceivably, some groups of individuals might follow unique
use trajectories over time that are associated with differential
health outcomes. For example, people who log in consistently
https://www.jmir.org/2022/8/e39208
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over the course of many months might have higher cessation
rates, because they have consistently benefited from the
information and skills presented in the app.
There is a dearth of studies analyzing use trajectories for digital
smoking cessation interventions. We are aware of 3 publications
for SMS text messaging interventions [20-22], 4 publications
for website interventions [5,23-25], and none for smartphone
interventions. Regarding SMS text messaging interventions, a
study identified 5 distinct use trajectories of an SMS text
messaging–based smoking cessation program over the 6 weeks
after quit date, namely high engagement, increasing engagement,
rapid decrease, delayed decrease, and low engagement [20].
The study found that the high engagement and increasing
engagement groups were more likely than the other groups to
quit smoking over the course of 6 weeks. Within the context of
smoking cessation websites, our group conducted a functional
clustering analysis of log-in data from both arms of a large
(N=2637) randomized trial of 2 website interventions for
smoking cessation (WebQuit and Smokefree), with a primary
outcome of 30-day point prevalence smoking abstinence at 12
months [24]. Compared with 1-week WebQuit users, 5- and
52-week users had 57% higher odds (odds ratio [OR] 1.57, 95%
CI 1.13-2.17; P=.007) and 124% higher odds (OR 2.24, 95%
CI 1.45-3.43; P<.001), respectively, of being abstinent at 12
months. The 5-week use of either website predicted higher odds
of quitting smoking, with the highest odds for 52-week WebQuit
users. These results suggest that experimental testing strategies
to increase digital intervention engagement for 4 more weeks
(ie, from 1 week to 5 weeks) would be valuable. Studying
distinct groups of use trajectories can help identify which use
patterns are beneficial and thereby make recommendations for
future program use. These results will help inform the design
of more engaging digital interventions for smoking cessation,
with the ultimate goal of a higher likelihood of cessation.
If we can identify smartphone intervention use trajectories that
predict cessation, understanding the sociodemographic
characteristics of individuals who tend to follow more or less
successful trajectories is important. Knowing the characteristics
of individuals who are likely to have certain engagement patterns
might allow researchers and intervention designers to tailor
smartphone interventions according to users’ unique baseline
characteristics. There is an emerging literature of randomized
trial designs that algorithmically use baseline characteristics
predictive of treatment outcomes in the design of tailored
interventions [26,27]. Although studies have found that being
female, being older, and having a higher education are generally
consistent predictors of greater digital intervention use [28-31],
very little is known about the user characteristics that are
associated with different patterns of use over time [32,33]. For
example, a study found that being female and having higher
baseline motivation were associated with more consistent log-in
trajectories [34]. For the WebQuit website intervention, we
found that smoking for at least the past 10 years and screening
negative for anxiety predicted a 90% higher odds (OR 1.90,
95% CI 1.14-3.14) and a 56% higher odds (OR 1.56, 95% CI
1.06-2.33), respectively, of being a 52-week user (compared
with being a 1-week user) [24]. Regarding smoking cessation
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smartphone apps, we are aware of no literature on baseline
predictors of their use patterns over time.
We recently developed and tested iCanQuit, a smartphone app
for smoking cessation based on acceptance and commitment
therapy (ACT), a behavioral approach that teaches skills for
allowing cravings to smoke to pass without smoking, which is
conceptually distinct from the US Clinical Practice Guidelines
(USCPG)–based approaches that teach avoidance of urges [35].
In a large 2-arm randomized trial, iCanQuit was compared with
QuitGuide, a USCPG-based smartphone app. At the 12-month
follow-up, iCanQuit was 1.5 times more efficacious than
QuitGuide for smoking cessation among 2415 adults who
smoked (36% racial or ethnic minority groups) from all 50 US
states [35]. The iCanQuit study was the first full-scale
randomized controlled trial with long-term follow-up to show
that a smartphone app was efficacious for smoking cessation.

Objectives
Using data from the iCanQuit parent randomized trial, this study
identified the following: (1) distinct groups of smartphone app
log-in trajectories, (2) their association with the 12-month
smoking cessation outcome, and (3) baseline sociodemographic
user characteristics that are associated with different use
trajectory groups. Log-in trajectories (ie, log-ins over time) are
a generalizable metric that can be useful for other digital
intervention researchers—agnostic of the intervention-specific
content contained in any one app. The overall goal of this study
is to inform the design of future smartphone health interventions
that could be more efficacious by identifying trajectory groups
in need of further intervention. To accomplish these aims, in
this study we analyzed 182 consecutive days of log-in data from
both arms of the large (N=2415), 2-arm randomized trial of
iCanQuit versus QuitGuide smartphone app interventions for
smoking cessation (NCT02724462).

Methods

Bricker et al
QuitGuide and not currently using another smoking cessation
treatment; (10) had never participated in our prior studies; (11)
had no household members already enrolled; (12) were willing
to complete outcome surveys, and (13) could provide contact
information for themselves and 2 relatives.

Recruitment, Enrollment, and Follow-up
Adults were recruited nationally via Facebook advertisements,
a survey sampling company, search engine results, and friend
or family referrals. Participants completed an encrypted
web-based screening survey and were notified of their eligibility
via email. They then clicked on their secured emailed link to
the study website where they provided consent and completed
the baseline survey. At each enrollment step, the study was
presented as a comparison of 2 smartphone apps for smoking
cessation.
Participants were randomized (1:1) to iCanQuit or QuitGuide
using randomly permuted blocks of sizes of 2, 4, and 6, stratified
by smoking frequency (≤20 vs ≥21 cigarettes per day), education
(≤high school vs ≥some college), race or ethnicity (minority
race or ethnicity vs non-Hispanic White), and depression
screening (Center for Epidemiologic Studies Depression score
≤15 vs ≥16) [31]. Random assignments were concealed from
participants throughout the trial. The random allocation sequence
was generated by a database manager and implemented
automatically by the study website. Neither research staff nor
study participants had access to the upcoming randomized study
arm assignments. In both arms, participants could access their
interventions from the moment of randomization and beyond
(ie, after the end of the 12-month follow-up period). All
participants provided their consent on the web and were
compensated with up to US $105 for completing study data
collection. The data retention rate was 88% (1886/2133) and
differed slightly between arms (90% in QuitGuide vs 87% in
iCanQuit; P=.01).

Interventions

Design

iCanQuit

A total of 2415 individuals were enrolled in the 2-arm iCanQuit
randomized controlled trial for smoking cessation, with full
protocol details previously described [12]. In brief, a racially
and ethnically diverse sample of 2415 adult daily smokers from
all 50 US states was randomized 1:1 to receive access to an
ACT-based smartphone app (iCanQuit) or a USCPG-based
smartphone app (QuitGuide) for smoking cessation. Data for
this analysis were from the 2133 individuals who logged into
their assigned app at least once and had a complete 182 days of
engagement data available.

Participants randomized to the iCanQuit arm received access
to download the iCanQuit smartphone app (version 1.2.1).
iCanQuit intervenes on the ACT-focused processes of
acceptance of internal cues to smoke and enacting one’s values
that guide smoking cessation [12]. The acceptance component
of the app teaches skills to accept physical sensations, emotions,
and thoughts that trigger smoking by distancing oneself from
thoughts about smoking (“cognitive defusion”), mindfulness
skills, and flexible perspective taking. The values component
of the app teaches skills for determining the core life domains
that motivate quitting smoking (eg, family, health, and
spirituality) and taking repeated small actions within these
domains (eg, playing with grandchildren) to develop a
smoke-free life. The program is self-paced, and the content is
sequentially unlocked across 8 levels. Each of the first 4 levels
is made accessible immediately after the prior level is
completed, whereas each of the last 4 levels is only unlocked
upon recording 7 consecutive days without smoking. If a
participant lapses, the program encourages (but does not require)
them to set a new quit date and return to the first 4 levels for

Eligibility Criteria
Eligibility criteria included individuals who (1) were aged ≥18
years; (2) smoked 5 or more cigarettes per day for the past year;
(3) wanted to quit smoking within the next 30 days; (4) if
concurrently using any other tobacco products, wanted to quit
all tobacco products within 30 days; (5) were interested in
learning skills to quit smoking and willing to be randomized to
either treatment condition; (6) had daily access to their own
smartphone; (7) knew how to download smartphone apps; (8)
were willing and able to read in English; (9) had never used
https://www.jmir.org/2022/8/e39208
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preparation. The program also includes on-demand tools to help
in coping with smoking urges, tracking the daily number of
cigarettes smoked, and urges passed without smoking. Content
was presented in a sequenced format with short paragraphs of
text and some audio or visual content for experiencing ACT
concepts.

QuitGuide
Participants randomized to the QuitGuide arm received access
to download the QuitGuide smartphone app (version 1.2.2).
QuitGuide content is delivered in four main sections: (1)
“Thinking about quitting,” which focuses on motivations to quit
by using reason and logic such as identifying reasons to quit
and providing information on the health consequences of
smoking and quitting; (2) “Preparing to Quit,” which helps users
develop a quit plan, identify smoking behaviors, triggers, and
reasons for being smoke free, and social support for quitting;
(3) “Quitting,” which teaches skills for avoiding cravings to
smoke; and (4) “Staying Quit,” which presents tips, motivations,
and actions to stay smoke free and skills for coping with slips.
No smoking cessation medications or coaching was provided
in either intervention arm [12]. Content was presented in a
sequenced format with short paragraphs of text.

Study Measures
Baseline Characteristics and Covariates
Data collected at baseline included age, gender, race, ethnicity,
education, employment, income, marital status, and sexual
orientation. Study participants completed validated positive
screening tools to assess mental health, including depression
[31], panic [32], and posttraumatic stress disorder [33]. Alcohol
consumption and heavy drinking were assessed using the Quick
Drinking Screen [34]. Smoking behavior variables included
nicotine dependence (measured using the Fagerström Test for
Nicotine Dependence) [35], number of cigarettes smoked per
day, years of smoking, use of e-cigarettes, quit attempts, and
relationships with other smokers. Acceptance of internal cues
to smoke was measured via the Avoidance and Inflexibility
Scale (adapted from the study by Gifford et al [36]), using means
of the three 9-item subscales that assess one’s willingness to
experience physical sensations, emotions, and thoughts that cue
smoking. The items are rated on a 5-point scale from 1=“not at
all” to 5=“very willing” and averaged, with higher scores
indicating greater acceptance. A sample physical sensation item
was “How willing are you to notice these bodily sensations
without smoking?” and items from the emotions and thoughts
subscales were similar, substituting “feelings” or “thoughts”
for “bodily sensations.” Valued living was measured using the
10-item Valuing Questionnaire [37], designed to assess the
extent of personal values enactment. Each item is rated on a
7-point scale ranging from 0=“not at all true” to 6=“completely
true.” Scores were averaged, and 2 distinct factors were derived:
progress and obstruction, with higher scores indicating either
greater progress or greater obstruction toward valued living,
respectively. A sample progress item was “I worked toward my
goals even if I didn’t feel motivated to” and a sample obstruction
item was “I was basically on auto-pilot most of the time.”
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Engagement: Baseline to Day 182 Log-ins
Engagement with the assigned app was measured objectively
using Google Analytics. The measure of engagement was the
number of days each application was opened, which was
consistent with other digital interventions’ measures of
engagement [7,24,25]. For each participant, time- and
date-stamped log file records of each page opening were
recorded. For this analysis, we used a binary measure indicating
whether each participant logged in at least once each day (ie,
had at least one log-in recorded in the log file data). Using this
method, each participant had a 0/1 code for each day for 182
days from the date of randomization. Owing to a technical error
in the Google Analytics system, only the first 182 days of
engagement data were available for the study sample.

Smoking Cessation Outcome: 12 Months
The parent trial’s primary smoking cessation outcome was
specified a priori as self-reported complete case 30-day point
prevalence abstinence (PPA) at the 12-month follow-up. As
reported in the parent trial, for the primary outcome of 30-day
PPA at the 12-month follow-up, iCanQuit participants had 1.49
times higher odds of quitting smoking as compared with
QuitGuide participants (293/1040, 28.17% abstinent vs
225/1067, 21.08% abstinent; OR 1.49, 95% CI 1.22-1.83;
P<.001). Note that when missing data were coded as smokers,
12-month 30-day PPA results were very similar (293/1214,
24.13% abstinent for iCanQuit vs 225/1201, 18.73% abstinent
for QuitGuide; OR 1.40, 95% CI 1.14-1.71; P<.001).

Statistical Analyses
The analyses were conducted separately for each app. As
mentioned in the engagement measurement, log-in data were
summarized as a binary time series indicating log-in occurrence
on each day of the first 6 months (ie, 182 days) of using the
application, from the date of randomization of each participant.
Next, log-in time series were presmoothed as the average
number of days logged in over a window of 7 previous days
[24,36]. This type of dense trajectories data is known as
functional data. We applied functional clustering based on
functional principal component (FPC) analysis. Specifically,
we conducted an FPC analysis [37] by smoothed covariance to
summarize each participant’s log-in trajectory using a set of
low-dimensional FPC scores. We chose to retain the first 3 and
4 FPC scores for clustering in the iCanQuit and QuitGuide arms,
respectively, based on a minimum threshold of 90% for the
percentage of variance explained. Trajectories were clustered
using the Clustering for Large Applications algorithm [38] into
k=2 and 3 groups in each arm, which met a minimum prediction
strength [39] threshold of 0.6. The Clustering for Large
Applications procedure does not rely on parametric assumptions
on the shapes of trajectories and is capable of handling densely
recorded longitudinal data and complex missing data patterns.
We then examined the cluster solutions in each arm for a
minimum group size ≥5% of the sample and reasonable
separation of the mean log-in trajectories among groups to
determine the optimal number of groups for each.
After determining distinct trajectory groups, smoking cessation
rates were compared among the groups using logistic regression,
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with the lowest use group as the reference group. Baseline
characteristics with significant univariate associations with
cessation were considered as covariates, to control for
characteristics that may confound the association between
trajectory group and cessation [40]. Thus, the aim of the
analysis, as guided by the study’s scientific questions, was to
understand the unique prediction of the 12-month cessation
outcome by trajectory group membership. A shared set of
covariates (ie, all baseline characteristics) was considered for
each treatment arm. We conducted stepwise logistic regression
using Akaike Information Criterion to determine the subset of
covariates to be included in the final adjusted model [41].
Finally, baseline characteristics were compared among the
groups. Those with significant univariate association with
trajectory group membership were considered in stepwise
selection, using Akaike Information Criterion, of an adjusted
multinomial logistic regression model (iCanQuit arm) or logistic
regression model (QuitGuide arm) to determine the best baseline
predictors of group membership. All statistical tests were
2-sided, with α=.05, and analyses were conducted in R (version
4.0.3; R Foundation for Statistical Computing [42]), using the
R packages “refund” [43] for FPC analysis, “fpc” [44] for
prediction strength, and “nnet” [41] for multinomial logistic
regression.

Ethics Approval
All study activities were approved by the institutional review
board at the Fred Hutchinson Cancer Research Center (approval
number IR-8317).

Description of Sample
Multimedia Appendix 1 shows the baseline demographics and
participant characteristics in both the iCanQuit and QuitGuide
arms. The mean (SD) age at enrollment was 37.8 (10.8) years.
Furthermore, 70.28% (1499/2133) of the participants were
female and 35.72% (762/2133) of the participants reported racial
and ethnic minority backgrounds. There were 40.46%
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(863/2133) of the participants with a high school or less
education. Regarding smoking, 74.54% (1590/2133) of the
participants smoked more than half a pack (at least 11 cigarettes)
per day. Less than half (785/2030, 38.67%) of the participants
had made a quit attempt in the last year, and 82.47%
(1759/2133) of the sample had been smoking for >10 years,
with an average Fagerström Test for Nicotine Dependence score
of 5.86 (moderate nicotine dependence; SD 2.04). There were
no statistically significant differences between the 2 arms for
any baseline variable (all P>.05).

Description of Distinct Groups of Trajectories
The functional clustering analysis of 26 weeks of log-ins
revealed 3 distinct groups of trajectories for iCanQuit versus 2
distinct groups for QuitGuide. Log-in patterns are shown in
Figure 1 (for iCanQuit) and Figure 2 (for QuitGuide). For
iCanQuit (Figure 1), the first trajectory group (610/1069,
57.06%) logged in a mean of 2.0 days in the first week and then
had <1 mean log-in day in weeks 2 and beyond. They were
termed “1-week users.” The second trajectory group (303/1069,
28.34%) logged in a mean of 4.6 days in week 1, a mean of 3.1
days in week 2, a mean of 2.0 days in week 3, a mean of 1.2
days in week 4, and then had <1 mean log-in day in weeks 5
and beyond. They were termed “4-week users.” The third
trajectory group (156/1069, 14.59%) logged in a mean of 5.0
to 5.4 days per week in weeks 1 through 5, a mean of 3.1 to 4.7
days per week in weeks 6 through 10, tapering to a mean of
twice every week starting week 17, and continuing in this pattern
until week 26. They were termed “26-week users.”
For QuitGuide (Figure 2), the first trajectory group (695/1064,
65.32%) logged in a mean of 1.4 days in the first week and then
had <1 mean log-in day in weeks 2 and beyond. As with
iCanQuit, they were termed “1-week users.” The second
trajectory group (369/1064, 34.68%) logged in a mean of 2.8
times in week 1, a mean of 1.7 times in week 2, a mean of 1.1
times in week 3, and then had few log-ins after that. They were
termed “3-week users.”
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Figure 1. Mean weekly log-ins for each trajectory group from the iCanQuit arm. Error bars represent IQRs.

Figure 2. Mean weakly log-ins for each trajectory group from the QuitGuide arm. Error bars indicate IQRs.

Trajectory Membership Prediction of Smoking
Cessation Outcome
Table 1 shows each intervention arm’s trajectory group
membership as a predictor of 30-day PPA at the 12-month
follow-up, after controlling for all baseline covariates included
in the statistical model. For iCanQuit, abstinence rates for the
3 trajectory groups were 23% for 1-week users, 30% for 4-week
users, and 56% for 26-week users. Compared with the 1-week
users, the 4-week users had 50% higher odds (OR 1.50, 95%
https://www.jmir.org/2022/8/e39208
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CI 1.05-2.14; P=.03), whereas 26-week users had 397% higher
odds (OR 4.97, 95% CI 3.31-7.52; P<.001), respectively, of
being abstinent at 12 months. Descriptively, for QuitGuide,
abstinence rates for the 2 trajectory groups were 21% for 1-week
users and 23% for 3-week users. There was no significant
difference in the odds of being abstinent at 12 months for 3-week
versus 1-week users (OR 1.16, 95% CI 0.84-1.62; P=.37). The
above models adjusted for the baseline covariates selected, as
outlined in the statistical methods, and are shown in Table 1.
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Table 1. Logistic regression models predicting 12-month smoking cessation outcome by log-in trajectory group, adjusted for Akaike Information
Criterion model–selected covariatesa.
Treatment arm and covariate

Odds ratio (95% CI)

P value

4-week users

1.50 (1.05-2.14)

.03

26-week users

4.97 (3.31-7.52)

<.001

Gender (male)

1.87 (1.33-2.62)

<.001

High school or lower education

1.42 (1.03-1.95)

.03

Depression screen positive

0.69 (0.50-0.97)

.03

Panic disorder screen positive

0.74 (0.50-1.09)

.14

Used e-cigarettes at least once in past month

0.66 (0.45-0.96)

.03

Confidence in being smoke free

1.01 (1.01-1.02)

<.001

Drinks per day on a typical drinking day

0.95 (0.91-1.00)

.048

3-week users

1.16 (0.84-1.62)

.37

Used e-cigarettes at least once in past month

1.44 (0.99-2.08)

.05

Confidence in being smoke free

1.01 (1.00-1.02)

.005

Close friends who smoke

0.89 (0.81-0.97)

.01

Heavy drinkerb

0.64 (0.37-1.07)

.10

Valuing questionnaire—progress

1.03 (1.01-1.06)

.01

iCanQuit

QuitGuide

a

The reference group is 1-week users for both arms.

b

Heavy drinkers are defined as women who had 4 or more drinks and men who had 5 or more drinks on a typical drinking day.

Baseline Characteristics Predicting Trajectory
Membership
Because the trajectory groups were different across the 2 arms,
Table 2 presents the results for baseline characteristics predicting
membership in the groups for the 2 arms separately. For
iCanQuit, the baseline characteristics significantly associated
with more engaged group membership, as compared with
1-week user group membership, were age in years (OR 1.05,
95% CI 1.03-1.06 for 26-week users), smoking up to one-half
pack per day (OR 1.90, 95% CI 1.25-2.87 for 26-week users),
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smoking first cigarette >5 minutes after waking (OR 1.42, 95%
CI 1.05-1.92 for 4-week users), and higher mean acceptance of
internal physical sensations (OR 1.82, 95% CI 1.41-2.35 for
each 1-point increase for 4-week users).
For QuitGuide, the baseline characteristics significantly
associated with 3-week user group membership, as compared
with 1-week user group membership, were female gender (OR
1.46, 95% CI 1.10-1.95), minority race (people of color) or
ethnicity (Hispanic; OR 1.40, 95% CI 1.08-1.83), and smoked
for 10 or more years (OR 1.56, 95% CI 1.04-2.35).
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Table 2. Multinomial logistic regression (iCanQuit arm) and logistic regression (QuitGuide arm) results predicting log-in trajectory group membership
from Akaike Information Criterion model–selected baseline characteristicsa.
Arm, trajectory group, and characteristic

Odds ratio (95% CI)

iCanQuit
4-week users
Age (years)

1.01 (0.99-1.02)

Smokes ≤10 cigarettes per day

1.25 (0.89-1.76)

First cigarette >5 minutes after waking

1.42 (1.05-1.92)

Number of quit attempts in previous year

1.03 (0.99-1.08)

Each point increase in acceptance of physical sensations

1.82 (1.41-2.35)

26-week users
Age (years)

1.05 (1.03-1.06)

Smokes ≤10 cigarettes per day

1.90 (1.25-2.87)

First cigarette >5 minutes after waking

1.42 (0.96-2.08)

Number of quit attempts in previous year

0.92 (0.83-1.02)

Each point increase in acceptance of physical sensations

1.23 (0.88-1.71)

QuitGuide: 3-week users

a

Gender (female)

1.46 (1.10-1.95)

Minority race or ethnicity

1.40 (1.08-1.83)

Anxiety screen positive

0.75 (0.55-1.02)

Smoked for ≥10 years

1.56 (1.04-2.35)

The reference group is 1-week users for both treatment arms.

Discussion
Principal Findings
This study contributes to the nascent literature on longitudinal
use trajectories of digital health interventions and their
prediction of health outcomes [20-25]. The study found (1) 1-,
4-, and 26-week trajectories for iCanQuit versus 1- and 3-week
trajectories for the QuitGuide smoking cessation apps; (2) that
these trajectory groups differentially predicted smoking
outcomes at 12 months for iCanQuit but not for QuitGuide; and
(3) that certain user characteristics were associated with
membership in certain trajectory groups. Notably, compared
with the 1-week iCanQuit users, the 4-week users had 50%
higher odds, whereas 26-week users had 397% higher odds,
respectively, of being abstinent at 12 months. The results are
discussed in the following sections.

Use Trajectories and Health Outcomes
At least half of the participants in both arms were 1-week users.
Similarly, our 2018 study examining log-in trajectories of 2
smoking cessation websites found that half of the participants
were 1-week users, and similar to this study, that study showed
that these participants were the least likely to have quit smoking
at the 12-month follow-up [24]. Thus, there are now 4 separate
digital interventions (2 in this study and 2 in the 2018 study
[24]) showing large proportions of users (645/1309, 49.27% to
610/1069, 57.06%) who are 1-week users, suggesting overall
that 1-week use may be a common engagement pattern of digital
health interventions. Thus, it is imperative to identify early who
https://www.jmir.org/2022/8/e39208
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would likely become a 1-week user. For example, the baseline
characteristics results of this study suggest that a younger age,
smoking at least one-half pack per day, smoking the first
cigarette within 5 minutes of waking (a marker of nicotine
dependence), and scoring lower on acceptance of internal
physical sensations that trigger smoking (a marker of avoidance
of cigarette cravings) predicted membership in the iCanQuit
1-week trajectory group. Measuring these factors at baseline
might allow for the early identification of individuals who would
be more likely to disengage from iCanQuit in the first week.
Another approach that might be worth testing in future research
is investigating use patterns within the first week (eg, number
of log-ins per day and time spent on the app per day) to predict
whether a participant would become a 1-week user. Once
identified, more intensive intervention strategies could be used
with this group, which might range from push notification
communications or proactive intervention. Beyond this study,
it would be worthwhile to determine whether 1-week use is a
common pattern across multiple digital platforms (eg, websites
and smartphone apps) and health domains (eg, tobacco, exercise,
and diet) and to what extent this use pattern affects health
outcomes.
The second trajectory group for each arm was the 4-week users
for iCanQuit (303/1069, 28.34%) and 3-week users for
QuitGuide (369/1064, 34.68%). Although the length of each
group was similar (3-4 weeks) and the proportion of each group
was somewhat smaller in iCanQuit, only the iCanQuit 4-week
users had significantly higher quit rates than their 1-week
comparators (ie, 50% higher odds of quitting). Two potential
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reasons why iCanQuit’s, but not QuitGuide’s, second trajectory
group had higher quit rates are most likely due to the content
and structure of the iCanQuit app. Regarding content, we have
published multiple studies showing that the effect of iCanQuit
(but not QuitGuide) on smoking cessation was mediated by
ACT-based processes of acceptance of internal cues to smoke
(ie, sensations, thoughts, and emotions) [35,45-48]. The
differences in content, with iCanQuit focused on ACT versus
QuitGuide focused on standard USCPG content [49], suggest
that 4 weeks of engaging with ACT content that targets
acceptance of internal cues is effective at improving quit rates.
Regarding structure, the iCanQuit app presented content in a
sequenced interactive format (eg, content is unlocked in a
sequential manner) with short paragraphs of text and some audio
or visual for experiencing ACT concepts, whereas the QuitGuide
app presented content in a sequenced format with short
paragraphs of text [35]. Thus, the extent to which intervention
engagement predicts behavior change might depend on the
content and structure of the intervention, which is a valuable
topic for future research. For iCanQuit, these results suggest
that strategies to increase engagement 3 more weeks (ie, from
1 to 4) could be an effective approach to improving quit rates.
Example strategies worth testing include (1) proactive check-ins
(via SMS text messages or phone calls) from staff about progress
with the iCanQuit app, (2) rewarding each day’s use of
iCanQuit, and (3) a “four-week challenge,” which shows other
users’ daily log-in progress toward the goal of 4 weeks of use.
Only iCanQuit had a third trajectory group, namely 26-week
users (156/1069, 14.59% of the iCanQuit arm sample). The
26-week users’ group had nearly 400% higher odds of quitting
smoking (as compared with 1-week users). The 12-month 56%
quit rates observed in this group are the highest we have ever
observed in a digital smoking cessation intervention and suggest
that iCanQuit could be a highly effective and scalable
intervention for this group of users. Our 2018 paper found a
similar group of long-term users on the WebQuit website
(159/1240, 12.82% of WebQuit arm sample) who had high
12-month quit rates (34.2% [24]) but not as high as those found
here for iCanQuit. The iCanQuit ACT-based content and
structure may have encouraged long-term, spaced skills practice
[6]. Taken together, the findings for both the iCanQuit and
WebQuit third trajectory groups suggest that consistent use of
each program over time is prognostic of a better health outcome,
which is contrary to the notion that consistent log-ins may be
a marker of ongoing challenges and struggles to change a health
behavior. Instead, consistent log-ins over time may be a marker
of a participant’s commitment to changing a health behavior.
Digital intervention designs could focus on methods to
encourage commitment and prevent lapses over time, which
may include strategies similar to those suggested above, in
addition to just-in-time adaptive interventions that aim to
provide the right type of lapse-prevention support to smokers
at the right time [50].
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Personal Characteristics and Use Trajectories
The impact of personal characteristics on use trajectories appears
to vary according to the intervention. For example, among
iCanQuit participants, smoking the first cigarette >5 minutes
after waking and higher levels of acceptance of physical cues
to smoke predicted being a 4-week user, whereas older age and
smoking ≤10 cigarettes per day predicted being a 26-week user.
The findings generally suggest that less dependence and greater
acceptance of cravings predict long-term engagement with
iCanQuit. The results on increasing age predicting iCanQuit’s
26-week use trajectory membership are consistent with past
research showing that older age is a predictor of higher digital
health intervention use [28-31], including our 2018 WebQuit
trajectories paper [24]. In contrast to the view that as people
age, their willingness to use technology decreases [51], this
study suggests that increasing age may actually indicate which
one is more likely to remain long-term users of iCanQuit, and
in turn, have very high quit rates. In contrast, although there
were baseline factors that predicted QuitGuide’s use trajectory
membership, neither of the 2 trajectories predicted smoking
cessation, so the value of these baseline prediction results is
unclear. Nonetheless, we recommend that future research
explore a variety of baseline subgroup differences (eg, sex, race,
and age) in digital intervention trajectories to better understand
who is most or least likely to engage over time. Overall, these
analyses suggest a need for further research on which baseline
factors might predict different use trajectories and therefore
inform the development of tailored interventions that facilitate
long-term, consistent engagement based on an individual’s
specific baseline characteristics.

Limitations
This study has several key limitations. First, only 2 smartphone
apps were tested, and both were focused on smoking cessation;
thus, future research should examine the extent to which the
results generalize to other behaviors and to other types of digital
interventions. Cessation outcome data were self-reported for
the reasons stated in the Methods section. Remote biochemical
validation of smoking cessation would have introduced biases
including low response rates, prohibitive cost, challenges with
confirming the identity of the person providing the sample, and
inability to confirm abstinence beyond 24 hours [52-59]. Owing
to a technical error, log-ins were recorded for the first 6 months
of the trial. Finally, as users self-select to different app use
patterns (rather than being randomized), the associations
observed in this study may not be causal, and care should be
taken in their interpretation.

Conclusions
Patterns of 1-, 3-, and 4-week use of smartphone apps may be
common for how people engage in digital health interventions.
In addition, 4-week users, and especially 26-week users of
iCanQuit, have higher odds of quitting smoking. Strategies to
detect potential 1-week iCanQuit users and proactively offer
them more intensive intervention could be fruitful.
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Abstract
Background: Investigating ways to improve well-being in everyday situations as a means of fostering mental health has gained
substantial interest in recent years. For many people, the daily commute by car is a particularly straining situation of the day, and
thus researchers have already designed various in-vehicle well-being interventions for a better commuting experience. Current
research has validated such interventions but is limited to isolating effects in controlled experiments that are generally not
representative of real-world driving conditions.
Objective: The aim of the study is to identify cause–effect relationships between driving behavior and well-being in a real-world
setting. This knowledge should contribute to a better understanding of when to trigger interventions.
Methods: We conducted a field study in which we provided a demographically diverse sample of 10 commuters with a car for
daily driving over a period of 4 months. Before and after each trip, the drivers had to fill out a questionnaire about their state of
well-being, which was operationalized as arousal and valence. We equipped the cars with sensors that recorded driving behavior,
such as sudden braking. We also captured trip-dependent factors, such as the length of the drive, and predetermined factors, such
as the weather. We conducted a causal analysis based on a causal directed acyclic graph (DAG) to examine cause–effect relationships
from the observational data and to isolate the causal chains between the examined variables. We did so by applying the backdoor
criterion to the data-based graphical model. The hereby compiled adjustment set was used in a multiple regression to estimate
the causal effects between the variables.
Results: The causal analysis showed that a higher level of arousal before driving influences driving behavior. Higher arousal
reduced the frequency of sudden events (P=.04) as well as the average speed (P=.001), while fostering active steering (P<.001).
In turn, more frequent braking (P<.001) increased arousal after the drive, while a longer trip (P<.001) with a higher average speed
(P<.001) reduced arousal. The prevalence of sunshine (P<.001) increased arousal and of occupants (P<.001) increased valence
(P<.001) before and after driving.
Conclusions: The examination of cause–effect relationships unveiled significant interactions between well-being and driving.
A low level of predriving arousal impairs driving behavior, which manifests itself in more frequent sudden events and less
anticipatory driving. Driving has a stronger effect on arousal than on valence. In particular, monotonous driving situations at high
speeds with low cognitive demand increase the risk of the driver becoming tired (low arousal), thus impairing driving behavior.
By combining the identified causal chains, states of vulnerability can be inferred that may form the basis for timely delivered
interventions to improve well-being while driving.
(J Med Internet Res 2022;24(8):e36314) doi:10.2196/36314
KEYWORDS
well-being; daily driving; causal inference; commute; field study; directed acyclic graph; just-in-time interventions; mental
well-being; stress; mental health
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Introduction
With rising numbers of mental disorders worldwide, maintaining
well-being has become an important public health issue [1],
with a special focus on untreated cases [2]. In recent years, there
has been an increased interest in investigating ways to improve
well-being in everyday situations in order to prevent mental
disorders [3,4]. Especially interventions aimed at improving
well-being in moments when a person is susceptible to a
deteriorating mental state, a so-called state of vulnerability,
have shown great promise [5,6]. In this regard, the just-in-time
adaptive intervention (JITAI) framework has recently gained
major attraction as it guides researchers in their way to develop
effective interventions that are delivered at the right time and
in the right situation. To implement such a JITAI effectively, a
profound understanding of the contextual factors leading to a
state of vulnerability is necessary [7].
A suitable everyday situation in which an intervention may
promise beneficial effects on well-being is daily driving [8].
Daily car commuters spend a considerable amount of time on
the street every day, often associated with events causing
frustrations and loss of time, such as caused by traffic jams,
congestion, and unpredictability [9,10]. Kahneman et al [11]
found the daily commute to be one of the least pleasant activities
of the day. Accordingly, states of deteriorating well-being are
likely to occur in daily driving. Simultaneously, the car is a
suitable place for JITAIs as there are multiple sensors to detect
the current driving conditions (eg, lane or traffic object detection
[12,13]) and driver states (eg, arousal states [14] or emotions
[15,16]) as well as to deliver interventions using advanced
multimedia systems.
Recent work investigated when drivers are interruptible by
[17,18] or even responsive to interventions [19] while driving.
Moreover, researchers designed and validated the effect of
well-being interventions that can be conducted while driving,
for example, breathing exercises [20] and music or mindfulness
experiences [21]. According to the JITAI framework,
interventions are most effective when triggered in a state of
reduced well-being [7]. To identify such states of vulnerability
and thereby improve road safety [22], the factors influencing
well-being while driving must be determined. Since well-being
likely influences driving behavior and vice versa, a thorough
understanding of the causal relationships is crucial for evaluating
the driver’s mental state. Therefore, this study examines the
interactions between driving behavior and well-being during
daily driving.
Because drivers are exposed to a variety of contextual factors,
it is difficult to establish robust causal relationships based on
existing statistical analysis [23]. Previous studies on driving
and well-being have been primarily limited to isolating specific
relationships in simulation experiments [24-28]. However, this
controlled environment limits the results as stimuli are
artificially induced, and thus effects do not generalize well to
the wide range of situations encountered in everyday road traffic
[29-31]. To thoroughly understand the relationship between
driving and well-being, it seems necessary to study real-world
data using novel methods for causal analysis.
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The aim of this analysis is to unveil a robust causal architecture,
that is, the underlying network of causes and effects [32],
between driving behavior and well-being. We applied novel
causal inference algorithms to derive these relationships from
complex observational data collected in a real-world driving
study, in which we investigated drivers’ well-being over a period
of 4 months. The derived causal architecture forms a basis for
inferring states of vulnerability that can be targeted by digital
interventions.

Methods
Field Study Setting and Variables
The data were gathered in a field study in which we handed
over to 10 participants between the ages of 26 and 55 years a
car each for daily driving. For maximizing external validity, we
selected a broad spectrum of typical daily commuters with
different demographics, life and family situations, and driving
habits (purposive sampling). Detailed information about the
participants is documented in Multimedia Appendix 1.
Participants completed most of their driving in their residence
area, which for all of them was the region around Stuttgart
(Germany). The field study lasted for a period of 4 months,
from July to November 2019.
To measure a wide variety of factors that could impact the
well-being of the driver, we retrofitted the study cars for data
collection. The participants self-assessed their current emotional
state before and after driving based on questionnaires by a
smartphone mounted next to the multimedia system. Moreover,
we installed in every car a data collection system that recorded
various variables from the vehicle in high frequency (eg, the
steering wheel speed, brake pedal and gas pedal positions, or
the Global Positioning System [GPS] location) to measure the
driving behavior as well as the vehicle state. Our final data set
comprised 13 variables that were classified into 4 categories:
emotions, driving behavior, trip-dependent factors, and
predetermined factors. We chose these 4 categories based on
related work examining driving behavior and well-being [19,21].
A detailed list of the included variables can be found in
Multimedia Appendix 2. This set of variables provides a
comprehensive exploratory basis for understanding how driving
behavior and well-being relate to each other. We explain these
categories in the following paragraphs.
The emotions of the driver were assessed according to the
circumplex model of affect, which is composed of the 2
dimensions arousal and valence [33,34]. The arousal dimension
describes the drivers' feeling of being awake, and the valence
dimension indicates the corresponding level of happiness. Before
and after each drive, the driver indicated their state of arousal
and valence on a scale from 0 (very low) to 100 (very high)
using the Affective Slider [35], which is depicted in Multimedia
Appendix 3.
We measured the driving behavior using the sensors that each
car was equipped with. To quantify the driving behavior, we
analyzed the steering and braking behavior of the driver. The
steeringbehavior was quantified as the proportion of the trip in
which the driver was turning the steering wheel. Analogously,
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the brakingbehavior reflected the ratio of the seconds in which
the brake pedal was engaged to the total duration of the trip. To
account for the risk that a driver takes, we included the
frequency of sudden accelerations, sudden braking, or sudden
steering as the variable sudden events. An event was classified
as sudden when the acceleration or steering angle exceeded a
prespecified threshold. To identify these events, we used the
same approach as in prior work [19] based on the peak detection
algorithm from the Python package SciPy [36].
Since the field study was conducted in an uncontrolled setting,
we needed to account for contextual and environmental factors
that drivers experience. We distinguished between
trip-dependent factors, which are related to the drive itself, and
predetermined factors, which are explicitly known to drivers
before starting. The trip-dependent factors comprise information
about the length of the trip in seconds and the average speed in
kilometers per hour. In addition, the flow of the trip quantifies
the ratio of the actual speed to the potential maximum speed
throughout the trip. By combining these 3 factors, we aimed at
representing the built environment in which the trip takes place
[37]. For example, urban driving will likely result in short trips
at low speeds with low flow.
The included predeterminedfactors in the causal model were
the weather, quantified by the minutes of sunlight in the hour
that the drive started and whether the trip was or was not
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performed on the weekend. Furthermore, we recorded whether
another occupant was present and whether the trip was a
commute between home and work, as derived from the GPS
location at the beginning and end of each trip. To reduce
skewness and to establish a common scale across all continuous
variables, we standardized the data to a mean of 0 and an SD
of 1.

Ethical Considerations
This field study was reviewed by the Institutional Review Board
of the University of Bern, Switzerland (approval
#2019.04-00003).

Establishing a Causal Relationship
We conducted a field study to examine well-being in real-world
driving situations, while maximizing the generalizability of our
results. However, this purely observational study design comes
at the cost of controllability. Therefore, the interactions between
factors of well-being and driving behavior cannot be directly
estimated as in a controlled experiment. Instead, we propose a
framework for causal inference based on a causal directed
acyclic graph (DAG), which visually represents the causal
architecture formed by all recorded variables [38-68]. Our
workflow for causal inference was designed as a 3-step process,
as illustrated in Figure 1. Detailed theoretical information about
the workflow and the causal methodology can be found in
Multimedia Appendix 4.

Figure 1. Our workflow for causal analysis. CAN: controller area network (car sensor data); DAG: directed acyclic graph.

The causal DAG was constructed using the DAG with NOTEARS
algorithm [69] on the data of the field study. This algorithm
performs continuous optimization on a matrix representation
of the graph rather than using constraint-based or local methods
for inferring a graphical model. Thereby, a single graph
maximizing the score function of the algorithm is found. We
https://www.jmir.org/2022/8/e36314
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used the resulting graph to determine paths, which depict
relationships between variables. To isolate the effect of one
variable on another, the paths carrying spurious associations
must be eliminated, while preserving the paths that transmit the
causal effect. We isolated the relevant paths by applying the
backdoor criterion [47], which identifies the set of variables
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that need to be controlled. This so-called adjustment set was
subsequently used in a multiple regression to identify the causal
effect between the variables of interest.
For determining the robustness of the resulting estimates, the
effect was recalculated in a DAG with an added random
confounder [65]. More specifically, a difference between the
original and the new estimate close to 0 indicates that an effect
is robust to unobserved confounders. Moreover, this test
indicates the robustness of the estimate against a potential
violation of the linear regression assumptions. Additionally,
trivially impossible effects, such as an effect from arousal after
to before driving, were a priori excluded from the causal DAG.
A full list of excluded effects can be found in Multimedia
Appendix 5.

Results
Descriptive Results
The 10 participants completed on average 163.8 trips (SD 89.28)
during the 4 months of the study. The mean duration of a trip
was 29 minutes (SD 20), and an average participant drove 19.5
km (SD 28.15). Our data set appears to cover typical daily
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driving, as the drivers followed a large variety of routes both
in urban and in rural areas. Of the 1638 trips, 1343 (82%) took
place during the week. In addition, 393 (24%) of the trips were
labeled as a commute, and 1245 (76%) were drives to frequently
visited destinations. On all these trips, the participants completed
the affective slider. The affective slider results before driving
were on average 73.66 (SD 18.24) for arousal and 69.76 (SD
16.74) for valence and after driving were on average 71.53 (SD
19.58) for arousal and 69.26 (SD 16.91) for valence.

Causal Analysis
To understand which factors impact well-being, we conducted
a causal analysis based on the causal DAG learned from data,
which can be found in Multimedia Appendix 6. The causal
effect sizes, hereinafter abbreviated as CE, describe the impact
of a 1-SD change in the source variable on the target variable.
As all variables were standardized and to facilitate comparisons,
the resulting effect size is also given in SDs. The statistically
significant (α=.05) causal effects grouped by origin and target
nodes are listed in Table 1. The robustness test reports the
difference between the causal estimate from the analysis and
the causal estimate when adding a random confounder to the
model. A value close to 0 indicates robust causal estimates.

Table 1. Results of our causal analysis.
Target

CEa

95% CI

P value

Robustness test

Before arousal

Steering

0.13

0.09- 0.16

<.001

−0.00003

Before arousal

Sudden events

−0.06

–0.11 to 0.02

.04

0.00031

Before arousal

Speed

−0.11

–0.13 to –0.07

.001

−0.00104

Braking

After arousal

0.10

0.06-0.14

<.001

−0.00089

Speed

After arousal

−0.17

–0.20 to –0.12

<.001

0.00001

Source
Emotions on driving behavior

Driving behavior on emotions

Predetermined factors on emotions
Sun

Before arousal

0.12

0.08-0.18

<.001

−0.00048

Sun

After arousal

0.14

0.11-0.18

<.001

0.00016

Occupants

Before valence

0.38

0.26-0.49

<.001

−0.00008

Occupants

After valence

0.37

0.24-0.51

<.001

0.00021

After arousal

−0.13

–0.45 to –0.06

.001

−0.00073

Before arousal

Before valence

0.18

0.14-0.22

.002

−0.00084

Before arousal

After arousal

0.74

0.70-0.76

<.001

0.00000

Before arousal

After valence

0.19

0.15-0.24

.01

0.00009

Before valence

After valence

0.77

0.74-0.80

<.001

−0.00161

After valence

After arousal

0.13

0.08-0.18

<.001

0.00013

Trip-dependent factors on emotions
Length
Emotions on emotions

a

CE: causal effect size.

For developing a better understanding of the interaction between
driving and well-being, we investigated the effects in both
directions (ie, well-being on driving and driving on well-being).
In the following paragraphs, we report on the significant results
https://www.jmir.org/2022/8/e36314
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(α=.05). All effects that we discuss are highly robust with
respect to omitted variables and to violations of the linear
regression assumptions as the change in the causal estimate is
smaller than 0.001 after adding a random confounder.
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Effects Related to Well-being Before Driving
Figure 2 shows all causal effects related to well-being before
driving. The analysis showed that before-driving emotions cause
changes in the driving behavior as well as in trip-dependent
factors. Regarding behavioral variables, a higher level of
before-driving arousal significantly increased the frequency of
steering (CE=0.13, P<.001) and decreased the occurrence of
sudden events (CE=−0.06, P=.04). More specifically, these
effects mean that an increase of 1 SD of arousal prevented 8
sudden events per hour. Moreover, higher before-driving arousal
decreased the speed of trips (CE=−0.11, P=.001), which
amounted to 2 km/hour per 1 SD of arousal. Moreover, a
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significant interaction between emotions existed. Before-driving
arousal positively influenced the level of before-driving valence
(CE=0.18, P=.002). Before-driving valence had no statistically
significant effects on driving behavior or on trip-dependent
factors.
Before-driving emotions were also influenced by predetermined
factors. The presence of occupants caused an increase in
before-driving valence (CE=0.38, P<.001), and more sunlight
caused higher levels of before-driving arousal (CE=0.12,
P<.001). The variable weekend had no causal impact on the
before-driving valence or the arousal of the participants.

Figure 2. Causal effects regarding well-being before driving.

Effects Related to Well-being After Driving
Figure 3 shows the causal effects related to well-being after
driving. The emotions after driving a car are influenced by the
driving behavior as well as by trip-dependent and predetermined
factors. Variables related to actual driving showed that both
higher average speeds (CE=−0.17, P<.001) as well as longer
trips (CE=−0.13, P=.001) caused lower levels of arousal.
Moreover, driving behavior had an influence, with more frequent
braking increasing the after-driving arousal (CE=0.1, P<.001).
Analogously to the effects of predetermined factors before the
trip, sunlight increased after-driving arousal (CE=0.14, P<.001)
and the presence of occupants increased after-driving valence
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(CE=0.37, P<.001). Thus, the effect of sunlight on arousal was
stronger after than before driving, whereas the effect from
occupants on valence was smaller after driving.
The emotions before starting the trip strongly influenced the
emotions after having completed the trip. This relationship was
especially evident when examining the causal effects from
before-driving to after-driving arousal (CE=0.74, P<.001) and
valence (CE=0.77, P<.001). Further, a significant interaction
existed between emotions, with the before-driving arousal
influencing the level of after-driving valence (CE=0.19, P=.005).
In addition, higher after-driving arousal states causally increased
after-driving valence (CE=0.13, P<.001).
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Figure 3. Causal effects regarding well-being after driving.

Discussion
Principal Findings
The results of our field study indicate that well-being
significantly influences driving behavior and vice versa.
Moreover, we found effects from predetermined and
trip-dependent factors on valence. In the following paragraphs,
we highlight our findings and contextualize them with potential
explanations.
We found a significant impact of arousal on several driving
behavior variables. With higher levels of arousal, drivers had
fewer sudden maneuvers, steered more, and drove at lower
speeds. We explain these effects with improved alertness due
to high arousal [70]. More alert drivers react faster and in a
more controlled manner to unexpected events. Therefore, they
can proactively avoid sudden driving maneuvers, which reduces
the risk of accidents [24]. Moreover, this anticipatory driving
behavior with higher arousal leads to more steering and is
potentially a sign of active control of the vehicle. Due to
alertness and anticipatory driving, drivers may also proactively
adapt the speed of the vehicle earlier to changing driving
situations, which results in lower speeds.
For the inverse relationship, we found significant effects
showing that driving-related factors impact the arousal of
drivers. First, the higher the average speed was, the lower the
after-driving arousal state was. Second, we found that the length
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of the trip negatively influences arousal. Since this deterioration
of arousal is counteracted by frequent braking, we assume that
monotonous driving situations (ie, long trips at high speeds with
no need to brake frequently) cause a decrease in arousal.
Cognitive tasks, such as braking, seemed to interrupt the
perceived monotony and, thus, reduced the negative effect on
arousal throughout the trip.
In contrast, we could not identify any statistically significant
effect between valence and driving. The missing impact of low
flow or sudden events on valence may be explained by the high
driving experience of the participants, who may have grown
accustomed to these conditions (eg, daily experience of traffic
jams on commutes). However, the lack of effects may also be
explained by a possible transient impact of adverse events, such
as a traffic jam or consecutive red lights. After having reached
the destination, these occurrences may have been forgotten and
other thoughts may determine the disclosed end-of-trip valence.
Further studies should evaluate the immediate impact of adverse
conditions on valence.
Besides the actual driving, we identified predetermined factors
that influenced well-being. First, more sunlight (ie, better
weather) increased before- and after-driving arousal. Sunlight
is known to impact daily mood in general and to reduce tiredness
[71]. Second, the presence of occupants increased before- and
after-driving valence. The explanation of this effect may be that
social interaction is associated with a better sense of well-being
[72]. In contrast, occupants had no influence on the arousal of
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drivers. Although occupants may reduce the monotony of a
drive, the social interactions may also lead to social fatigue [73]
and thus limit a potential arousal improvement.
Furthermore, we found significant interactions between the
dimensions of well-being. The levels of arousal and valence
before driving were highly correlated with the respective levels
after driving. Most likely, carry-over effects occur, for example,
awake drivers are still more awake at the end of the trip than
drivers who already started while feeling tired. Moreover, both
well-being dimensions are positively associated with each other.
Building upon our prior reasoning, we propose 2 potential
explanations. First, alert drivers experience fewer adverse events
and therefore feel more positive by the end of the trip. Second,
higher valence can make drivers more resistant to boredom,
which reduces the feeling of monotony.

Comparison With Prior Work
This study aimed at investigating the complex causal
architecture of well-being in daily driving using a real-world,
uncontrolled field study. In contrast, previous studies have
mainly focused on isolating specific effects in controlled
experiments (eg, simulator studies). In the following paragraphs,
we compare the significant effects between daily driving and
well-being of our exploratory study to prior driving studies.
These studies serve hereby as a plausibility check of our
findings.
Our explanation of the positive impact of increased arousal on
driving behavior is in line with the prior literature. Corfitsen
[74] found in a survey combined with a reaction time test that
low arousal states (ie, fatigue) are a major cause of longer
reaction times while driving at night. Moreover, McGehee et
al [24] showed in an experimental study on a test track that
these longer reaction times are a major risk factor for accidents.
However, our findings concerning valence differ from the
previous literature. Prior simulator studies have revealed a
significant negative effect of extreme valence states (very happy
and very unhappy) on driving behavior [25]. The lack of effects
of valence in our study could be explained by the setting of the
field study. Whereas in the simulator study [25], strong
valence-changing stimuli were induced, our study aimed to
collect data on everyday driving situations with less strong
valence changes.
Furthermore, we find confirmation that monotonous driving
reduces the arousal of drivers. Thiffault and Bergeron [26]
observed in a simulator study that continuous driving without
any external stimulus induces fatigue and tiredness, which
increases with time. Moreover, our conclusion that arousal levels
are reduced by driving at high speeds due to the monotonous
setting is supported by a simulator study by Ting et al [27].
Their study showed that highway driving leads to fatigue, which
negatively affects driving performance and increases the risk
of accidents, as priorly discussed [24,71]. We can further
confirm that cognitive tasks, such as frequent braking, improve
after-driving arousal. The results of a simulator experiment by
Dunn and Williamson [28] showed that cognitive demand
mitigates monotony.
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Implications for Intervention Research and Practice
Our findings can be used to allow for more effective JITAIs by
providing an estimate for when drivers are likely at risk of
feeling tired or unhappy, that is, when they are in a state of
vulnerability. By improving the well-being of the driver, such
interventions have the potential to increase road safety and
reduce the frequency of accidents.
Interventions for increasing well-being while driving can be
conceptualized in 2 ways. First, the causes for states of
vulnerability can be directly targeted according to our causal
architecture. For instance, the findings indicate that a long drive
with little braking and steering generates a monotonous driving
situation, which sets the driver at risk of a state of low arousal.
Second, interventions can react to detected states of
vulnerability. For instance, if an increased number of sudden
events, less steering, or increased speeds are recognized, it is
an indication that the arousal of the driver has decreased. Thus,
an intervention could be triggered that acts as a mental stimulus
to increase arousal and thereby prevent drowsy driving. Past
research developed and evaluated such interventions, for
example, using highly personalized music playlists [21] or
gamified driving challenges [75]. Our findings could pave the
way for the ideation of new interventions. For instance, valence
can be raised with an intervention that leads to social interaction,
for example, by recommending calling someone during a break.
As another example, a driver’s arousal deterioration due to
high-speed driving could be addressed by reminding drivers
about the speed limit.

Strengths and Limitations
We identified relationships between well-being and driving
from a 4-month longitudinal field study on real roads with a
sample representative of a wide range of commuters. To derive
robust relationships, we applied causal inference methods in
our analysis. This overall approach has multiple benefits. First,
we observed in our study setup the true emotions participants
experienced while they were driving. Contrary to laboratory
experiments, which often induce or inspect single isolated
effects, our results reflect realistic driving situations and
therefore generalize better to the real world. Second, our findings
can serve as a basis for delivering interventions to react to
well-being changes impacting driving behavior. Finally, all
identified effects are explainable by the prior literature and
robust to violations of assumptions. Therefore, our study serves
as a practical example that inferring causal architectures from
observational field studies is feasible and may provide insights
that go beyond the capabilities of controlled experiments.
The exploratory design of the study comes with some
limitations. The analysis was conducted on the aggregated data
set of trips during a longitudinal field study of naturalistic
driving on public roads. Hence, it does not regard variation
between drivers on a personal level. However, by combining
experiences from 10 drivers, we could examine interactions that
are present across multiple individuals. Further research could
include a psychological analysis on the personal level and could
combine valence and arousal to construct more complex
emotions. Regarding the causal methodology, the DAG with
NOTEARS algorithm does not definitely guarantee a precise
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causal DAG and is especially sensitive with respect to the scale
of the variables [63]. We mitigated this issue by standardizing
all continuous variables and by introducing a random confounder
for testing the robustness of the estimates. Further research
should establish a framework for assessing the robustness of
the causal DAG itself.

Conclusion
In this paper, we unveiled the complex causal architecture of
well-being in daily driving in a real-world field study. Daily
driving is a complex setting in which many contextual and
personal factors interact. In a real-world field study, this
complexity can be replicated more adequately than in a

Stephan et al
controlled experiment. However, in observational studies, an
elaborate causal methodology is necessary for identifying causal
effects. Our study identified that arousal is more susceptible to
changes while driving than valence. Especially monotonous
driving situations, such as long drives on a highway without
the need to decelerate or steer frequently, set the driver at risk
of becoming more tired. This tiredness impairs driving behavior
and can be seen as a state of vulnerability that can be utilized
as a trigger for interventions. The knowledge about robust causal
effects between well-being and driving behavior can therefore
be applied as a basis for deciding when to initiate an intervention
to improve the well-being of the driver.
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Abstract
Background: Patients use social media as an alternative information source, where they share information and provide social
support. Although large amounts of health-related data are posted on Twitter and other social networking platforms each day,
research using social media data to understand chronic conditions and patients’ lifestyles is limited.
Objective: In this study, we contributed to closing this gap by providing a framework for identifying patients with inflammatory
bowel disease (IBD) on Twitter and learning from their personal experiences. We enabled the analysis of patients’ tweets by
building a classifier of Twitter users that distinguishes patients from other entities. This study aimed to uncover the potential of
using Twitter data to promote the well-being of patients with IBD by relying on the wisdom of the crowd to identify healthy
lifestyles. We sought to leverage posts describing patients’ daily activities and their influence on their well-being to characterize
lifestyle-related treatments.
Methods: In the first stage of the study, a machine learning method combining social network analysis and natural language
processing was used to automatically classify users as patients or not. We considered 3 types of features: the user’s behavior on
Twitter, the content of the user’s tweets, and the social structure of the user’s network. We compared the performances of several
classification algorithms within 2 classification approaches. One classified each tweet and deduced the user’s class from their
tweet-level classification. The other aggregated tweet-level features to user-level features and classified the users themselves.
Different classification algorithms were examined and compared using 4 measures: precision, recall, F1 score, and the area under
the receiver operating characteristic curve. In the second stage, a classifier from the first stage was used to collect patients' tweets
describing the different lifestyles patients adopt to deal with their disease. Using IBM Watson Service for entity sentiment analysis,
we calculated the average sentiment of 420 lifestyle-related words that patients with IBD use when describing their daily routine.
Results: Both classification approaches showed promising results. Although the precision rates were slightly higher for the
tweet-level approach, the recall and area under the receiver operating characteristic curve of the user-level approach were
significantly better. Sentiment analysis of tweets written by patients with IBD identified frequently mentioned lifestyles and their
influence on patients’ well-being. The findings reinforced what is known about suitable nutrition for IBD as several foods known
to cause inflammation were pointed out in negative sentiment, whereas relaxing activities and anti-inflammatory foods surfaced
in a positive context.
Conclusions: This study suggests a pipeline for identifying patients with IBD on Twitter and collecting their tweets to analyze
the experimental knowledge they share. These methods can be adapted to other diseases and enhance medical research on chronic
conditions.
(J Med Internet Res 2022;24(8):e29186) doi:10.2196/29186
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Introduction
Background
Social networking sites and web-based communities have served
as alternative information sources for patients in recent years.
Patients everywhere use social media to share health and
treatment information, learn from each other’s experiences, and
provide social support. Mining these informative conversations
may shed some light on patients’ ways of life and support
research on chronic conditions.
In recent years, text mining and social network analysis have
been used to detect mentions of health on Twitter [1,2] or to
track the spread of the COVID-19 pandemic and symptoms
[3-5]. Regarding chronic conditions, previous research has
focused on analyzing patients’ tweets and uncovering their
Twitter community [6-10]. Although a relatively large amount
of research has been dedicated to diabetes or cancer, research
on inflammatory bowel disease (IBD) is only just starting to
consolidate.
IBD is a chronic inflammatory condition of the digestive system
characterized by flares and remission states. The 2 primary
diseases identified with IBD, Crohn disease and ulcerative
colitis, are usually diagnosed in young patients (in the age range
of 15-30 years). The incidence of IBD is rapidly increasing, and
it has evolved into a global disease [11-14].
There are no medications or surgical procedures that can cure
IBD. Treatment options can only help with symptoms, and they
affect each patient differently. They involve prescription drugs
and lifestyle-related solutions such as diets and therapies.
Symptoms include abdominal pain, diarrhea, and fatigue, and
severe cases may result in hospitalization or surgical
interventions [15,16]. As chronic bowel diseases, both Crohn
disease and ulcerative colitis require day-to-day care for drug
consumption and special nutrition.
Patients describe IBD as an embarrassing disease that causes
the immediate disruption of daily activities. They experience
difficulties in adjusting to the changes it entails and consider
themselves different from their peers. As IBD is characterized
by frequent bowel movements, people do not hasten to share
their disease with others [15,17-19]. According to patients with
IBD, part of the embarrassment can be attributed to a lack of
public awareness. Outsiders cannot see that a person’s stomach
hurts or that their bowels are scarred. The disease is invisible,
and others might doubt that it exists [20,21].
The embarrassment caused by IBD and the need to confide in
people with similar experiences help explain the creation of
IBD-related communities on Twitter. By overcoming space and
distance, Twitter users form a community that disregards
physical boundaries or immobility. A sense of common ground
can help break down barriers and enable conversation, increasing
a person’s willingness to share [22,23]. It may be easier to
consult with other patients who can relate and better understand
https://www.jmir.org/2022/8/e29186
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the situation based on personal experience. One can identify
more closely with user stories similar to one’s own and embrace
their advice more easily [24]. When people disclose health
information on Twitter, they expose themselves to a large variety
of opinions and reduce the uncertainty about their disease [25].
Owing to the nature of IBD and its influence on the digestive
system, patients with IBD are forced to deal with their disease
daily, adhere to strict dietary regimens, and maintain a calm
routine. Changes in nutrition or physical activity, which are
currently tested by trial and error, result in a long and
excruciating process for the patients. We can learn from their
personal experiences and provide an additional foundation for
existing medical knowledge of the disease by collecting and
analyzing patients’ social media data. Complementary
recommendations based on the wisdom of the crowd can ease
patients’ lives and shorten the process of finding the right
lifestyle for them.

Objective and Contribution
This study aimed to uncover the potential of using Twitter data
to promote the well-being of patients with IBD by collecting
and analyzing the personal experiences they share about their
disease. We suggested a framework for identifying patients with
IBD on Twitter and examining the content they share regarding
their disease. We started by building a user classifier that
distinguishes patients from other entities who talk about IBD
on Twitter and then used the classifier to collect patients’ tweets
and explore the lifestyle-related treatments they undergo to cope
with their disease.
This study focused on creating a pipeline for using Twitter data
for identifying patients with IBD and exploring the information
they share. Although each part of this study can be extended by
trying other classification methods or enriching the analysis of
the patients’ tweets, this study shows the potential of using
Twitter data to enhance medical knowledge of IBD. We showed
that patients can be identified on Twitter based on their
communication even using classic, simple classification
algorithms. We compared the performances of 2 different
approaches for user classification—a single instance (SI)
learning approach and a multiple instance (MI) learning
approach—and showed the benefits of using the latter. The
preliminary analysis in the second part of this study showed
that it is possible to derive health-related insights from
self-reported tweets by patients.
Using the suggested framework to identify more patients and
collect more of their data could uncover their sentiments toward
the treatments they try or explore other aspects of the disease,
such as its influence on patients’ quality of life. The framework
is also feasibly extended to other chronic conditions. It can be
used to compare discussion patterns of patients with IBD with
those of the general population or of patients with other chronic
conditions.
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Related Work

Twitter and IBD

Twitter and Health

Exploring the entities that engage in IBD-related discussions
on Twitter reveals that patients with IBD are the most common
type of users who talk about IBD on Twitter [43,44]. Patients
with IBD use Twitter for sharing personal experiences and
seeking social support. They exchange thoughts about symptoms
and medications and recommend treatments to one another
[45,46]. By sharing their life experiences with the disease on
Twitter, patients fight disease invisibility and raise public
awareness of IBD [47].

The study of social media in the context of health and well-being
continues to position Twitter as a new medium for disseminating
health-related information. Health-related tweets range from a
simple toothache to more severe and chronic diseases such as
diabetes, asthma, or cancer [9,10,26,27]. Patients with
amyotrophic lateral sclerosis use Twitter as a means of
communication, and local health departments in the United
States use Twitter to educate and disseminate information related
to diabetes [28,29]. Even a sensitive disease such as HIV is
discussed on Twitter [30-32]. Communication patterns regarding
who tweets about what and why vary by disease [26].
Twitter is a powerful tool for disseminating health information
and an accessible platform for patients needing immediate social
support or relief. It provides a collaborative environment for
health-related conversations where patients with chronic
illnesses share their health status daily. They use Twitter to
exchange knowledge about lifestyle implications or better
understand a medical procedure. Through Twitter, they can
easily and conveniently reach a large audience and various
opinions [33].
In total, 2 previous studies have presented models for detecting
personal health mentions on Twitter and shown promising,
scalable results [1,2]. However, their goal differs from ours as
they considered all tweets that discussed a specific person’s
health condition as positive. In our study, we sought to identify
patients with a specific disease. We not only classified tweets
written by patients but also classified the users themselves.

Communication Patterns on Twitter
Different types of users communicate differently on Twitter.
They connect differently with others, have different tweeting
habits, and differ in style and linguistic content. Studying the
conversational connections between Twitter users and text
mining their tweets can help classify users based on their
characteristics and identify different types of users [34-38].
Private individuals reflect mainly on their personal experiences
or sentiments and tend to engage with others. They are both
frequently mentioned and frequently mentioning other users.
By contrast, organizations often point to external information
sources via URLs and are not that active at connecting with
others. They are frequently mentioned in tweets, perhaps as
sources of information, but are much less inclined to mention
other users [39,40].
By analyzing a user’s screen name (ie, the username of their
Twitter account) or their biography (ie, their Twitter user
description), one can determine whether the user is an ordinary
individual or an organization and reveal latent user properties
[41,42].
Our study relies on those previous findings and constructs
classification features that help differentiate patients with IBD
from other users who tweet about the disease. We adapted and
extended previous methods to cope with the different task of
identifying patients with IBD on Twitter.
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Perez et al [48] explored the IBD community on Twitter and
identified the types of users who talk about the disease and the
key topics they discuss. They categorized users based on their
Twitter profiles by analyzing their screen names and
biographies. In our study, we investigated a large set of
classification features and suggested a model to detect patients
with IBD on Twitter based on the way they communicate and
the content they share.
Patients with IBD tend to be more emotional and negative than
patients with other chronic conditions [49]. They usually express
a negative sentiment when they talk about the disease and its
symptoms but positively address the diets and drugs that help
manage them [48]. Patients who engage in tweets offering social
support are more likely to post positive tweets [50].
Unlike previous research related to patients’ sentiments on
Twitter [48-50], we focused our research on entity sentiment
rather than the sentiment of the entire tweet. By analyzing
patients’ sentiments toward specific keywords related to
nutrition and fitness, we uncovered the sentiments of certain
lifestyles that influence the disease.

Methods
Overview
This study was conducted in 2 main stages. In the Patient
Identification section, we built a user classifier that distinguishes
patients from other entities who talk about IBD on Twitter. We
considered three types of classification features: (1) features
extracted from the user’s activity on Twitter, (2) the content of
the user’s tweets, and (3) the social structure of the user’s
network. We compared the performances of several
classification algorithms within 2 classification approaches: one
that starts by classifying tweets separately and then deduces the
user’s class from their tweet-level classification and one that
starts by aggregating tweet-level features to user-level features
and then classifies the users themselves.
In the Analyzing Patients’ Tweets section covering the second
stage of the study, we derived insights regarding IBD from the
personal experiences that patients share on Twitter. We collected
lifestyle-related tweets by querying the Twitter application
programming interface (API) for special keywords related to
nutrition or fitness. We then filtered their authors using a
classifier from the first stage of the study to obtain a collection
of tweets where patients with IBD describe the different diets
and physical activities they adopt to deal with their disease. We
identified frequently mentioned lifestyles and used IBM Watson
Service for entity sentiment analysis to assess their effectiveness.
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Figures 1 and 2 describe the general flow of the 2 main stages
of the study. Figure 1 describes how we used Twitter data to
classify users and identify patients with IBD. Figure 2
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demonstrates how we used the classification to analyze patients'
tweets.

Figure 1. The general workflow of the first stage of the study: building a classifier of Twitter users for identifying patients with inflammatory bowel
disease (IBD).

Figure 2. The general workflow of the second stage of the study: using the classification from the first stage for analyzing patients' tweets. IBD:
inflammatory bowel disease.

Patient Identification
Data Collection and Preparation
We used the Twitter Search API to collect 10 days of
IBD-related tweets (from February 11, 2018, at noon to February
21, 2018, at noon). We used the OR operator to search for at
least one of 3 keywords: crohn, colitis, and #IBD. The
abbreviation IBD was searched as a hashtag to avoid
news-related tweets by the Investor’s Business Daily Editorials
account, which is usually marked with IBD. We limited the
search to tweets written in English and collected 2045 tweets.
The 722 authors of the collected tweets were then manually
classified as patients (1) or not (0). In total, 3 different
annotators, the authors of this paper (MS, YP, and GR), did the
labeling process and labeled the users based on their tweets.
Each user received a tag of 1 if they had at least one tweet
revealing their illness and a tag of 0 otherwise (ie, if none of
their tweets suggested that they were patients with IBD).
Regarding 655 users (n=181, 27.6% patients and n=474, 72.4%
other users), the annotators were in complete agreement, and
their labels were set. To settle the dispute regarding the other
9.3% (67/722) of the users, the annotators challenged their
tweet-based decisions by considering the users’ screen names
and biographies and reviewing their timelines if necessary.
Considering the new data, of the 67 remaining users, 45 (67%)
were classified as patients after explicitly mentioning their
illness in their biographies or timelines. A total of 12% (8/67)
talked about others who were sick, and the annotators
unanimously agreed that they were not patients with IBD
themselves. Regarding the remaining 21% (14/67) users, the
annotators did not reach a consensus and, therefore, the users
were omitted from the data set. The labeling process ended with
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a collection of 708 tagged users: 226 (31.9%) patients and 482
(68.1%) nonpatients.
To train the tweet-level classifiers, we had to annotate the tweets
manually as well. We addressed the tweets collected in the
original search query (in February 2018) and excluded retweets
(RTs) from the collection. As the purpose was to identify
patients, we were not interested in reshared content and only
considered the user’s tendency to RT as a behavioral
classification feature. After excluding RTs and the 14 users for
whom we did not reach an annotation consensus, we were left
with 1687 tweets. To consider the users’ biographies as we did
when annotating users, we added each biography as another
tweet by its author. A total of 83.5% (591/708) of the users had
nonempty biographies, and the process resulted in a collection
of 2278 tweets.
During the annotation process, we wanted to determine whether
a certain tweet revealed that the user was a patient with IBD.
Tweets that unambiguously implied that their authors were
patients with IBD received a tag of 1, and all others received a
tag of 0. As we had already annotated the users, all 1638 tweets
written by nonpatient users automatically received a tag of 0.
The 3 annotators (MS, YP, and GR) then manually classified
all the tweets written by patients. A total of 346 tweets were
unanimously classified as 1, and 288 tweets were unanimously
classified as 0. The annotators did not reach a consensus on 6
tweets (written by 6 different users), and they were excluded
from the collection. All 6 users had at least one more tweet and,
therefore, none of them were excluded entirely from our data
set. Finally, we reached a collection of 2272 tweets, of which
346 (15.23%) explicitly revealed their authors’ illness.
To enrich our data, we collected another week of tweets (from
June 10, 2018, at noon to June 17, 2018, at noon) for each tagged
user, this time without additional filtering. In the months that
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had passed, 6.6% (47/708) of the users had been either
suspended by Twitter or changed their accounts to private, and
their data were no longer available for collection. The additional
week was collected for the other 93.4% (661/708) of the users,
and the process resulted in a data set of 82,884 tweets overall
written by 194 patients and 467 nonpatients. We excluded the
same 47 users from the tweet data set as well, and the final data
set contained 2204 tweets, with 325 (14.75%) positive tweets.

MI Learning Approach
Traditional classification problems are supervised learning
problems in which one receives a collection of individually
labeled instances and tries to predict the class label for new
instances. MI learning, by contrast, is a supervised learning
approach in which each learning example is a bag of instances
associated with 1 label, and the task is to predict the labels for
unseen bags [51].
Previous research related to identifying health mentions on
Twitter has relied on traditional supervised learning to determine
whether a tweet discusses a health condition [1,2]. However,
we wished to determine whether patients can be identified on
Twitter and not examine the tweets separately. Our unique task
and the unbalanced structure of our data were compatible with
an MI learning approach—we had 661 users and a different
number of tweets posted by each of them. Positive tags (patients)
were determined collectively by finding at least one piece of
evidence that the user had IBD; negative tags (nonpatients)
meant that all the user’s evidence suggested otherwise or, rather,
was not sufficient for a positive tag.
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We used the metadata-based MI approach and extracted a vector
of metadata for each bag (user) that was not related to any
specific instance (tweet) [52]. The Classification Features
section explains how we applied feature engineering techniques
to generate features that characterize the users themselves and
not just their tweets.
To assess the effectiveness of using this collective approach,
we compared the results of 5 standard classification algorithms
in both user- and tweet-level classification, as explained in detail
in the Classification Models section.

Classification Features
Overview
Rao et al [38] and Pennacchiotti and Popescu [36,37] showed
that Twitter users’ demographics and political views could be
distinguished by considering 3 types of user classification
features: behavioral features (features extracted from the user’s
activity on Twitter), linguistic features (features extracted from
the content of the user’s tweets), and social structure features
(features describing the user’s social network). We followed
their work and adapted these types to our different domains of
distinguishing patients with IBD from others who talk about
the disease. We also integrated MI learning into our
classification setting, which was not part of their research. We
constructed a set of classification features for each feature type,
as explained in detail in the following sections and summarized
in Table 1.
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Table 1. Summary of classification features and their types.
User classification feature, feature level, and features

Type

Behavioral features
Tweet-level features
Tweet counter

Integer

Retweet counter

Integer

Retweet to tweet ratio

Float (0 to 1)

IBDa flag

Binary

User-level IBD ratio

Float (0 to 1)

Crohn flag

Binary

User-level Crohn ratio

Float (0 to 1)

Colitis flag

Binary

User-level colitis ratio

Float (0 to 1)

User-level features
Tweet counter

Integer

Retweet counter

Integer

Retweet to tweet ratio

Float (0 to 1)

IBD counter

Integer

Bio-IBD flag

Binary

IBD ratio

Float (0 to 1)

Crohn counter

Integer

Bio-Crohn flag

Binary

Crohn ratio

Float (0 to 1)

Colitis counter

Integer

Bio-colitis flag

Binary

Colitis ratio

Float (0 to 1)

Linguistic features
Tweet-level features
Emoji counter

Integer

Interjection counter

Integer

Profanity counter

Integer

Mention counter

Integer

Hashtag counter

Integer

URL flag

Binary

First-person flag

Binary

Number of words

Integer

Number of characters

Integer

Polarity

Float (−1 to 1)

Positive polarity flag (1 if polarity >0, else 0)

Binary

Negative polarity flag (1 if polarity <0, else 0)

Binary

Subjectivity

Float (0 to 1)

b

LDA topic distribution (document=tweet)

20×float (0 to 1)

User-level features
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Type

Emoji sum

Integer

Emoji average

Float

Bio-emoji counter

Integer

Interjection sum

Integer

Interjection average

Float

Bio-interjection counter

Integer

Profanity sum

Integer

Profanity average

Float

Bio-profanity counter

Integer

Mention sum

Integer

Mention average

Float

Bio-mention counter

Integer

Hashtag sum

Integer

Hashtag average

Float

Bio-hashtag counter

Integer

URL sum

Integer

URL average

Float (0 to 1)

Bio-URL flag

Binary

First-person sum

Integer

First-person average

Float (0 to 1)

Bio–first-person flag

Binary

Word average

Float

Bio-number of words

Integer

Character average

Float

Bio-number of characters

Integer

Bio-polarity

Float (−1 to 1)

Positive polarity sum

Integer

Positive polarity average

Float (0 to 1)

Negative polarity sum

Integer

Negative polarity average

Float (0 to 1)

Subjectivity average

Float (0 to 1)

Bio-subjectivity

Float (0 to 1)

LDA topic distribution (document=all the user’s tweets)

20×float (0 to 1)

Social structure features
Tweet-level features
User-level log in-degree

Float

User-level log out-degree

Float

User-level closeness

Float (0 to 1)

User-level features
Log in-degree

Float

Log out-degree

Float
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User classification feature, feature level, and features

Type

Closeness
a

Float (0 to 1)

IBD: inflammatory bowel disease.

b

LDA: latent Dirichlet allocation.

Behavioral Features
Features of this type were designed to capture users’ activity
on Twitter: How often do they tweet? Do they write new content
or mainly RT others? Furthermore, how often do they refer to
IBD? We counted the number of tweets and RTs in our data set
and calculated the RT ratio for each user. We counted the
number of times they used one of our keywords in their tweets
to account for the frequency with which they addressed IBD.
Aggregated features for user-level classification were also
copied to all the users’ tweets to enrich the tweet-level
classification.
Linguistic Features
The second class of features is derived from the users’ linguistic
style on Twitter: Do they write in first-person voice? Do they
tend to use emoticons or add a reference to an external source
via URL? We used 2 types of linguistic features. On the basis
of previous research [36-38] and our data’s nature, we extracted
several features from the text that we believed would help the
classification.
Acknowledging that individuals and organizations communicate
differently on Twitter [35,39], we searched for specific
characteristics that could distinguish private persons from
businesses and help identify patients. We checked specific
characteristics for each tweet in our data: Was there use of
emojis, interjections, or profanities? Was it written in the first
person? Did it point to an external source via URL? Did it
contain Twitter special characters indicating mentions (@) or
hashtags (#)? We used a Python (Python Software Foundation)
library called TextBlob to add sentiment-related features such
as the text’s polarity and subjectivity. The length of the tweets
and the number of words they contained were also considered.
The Python library emoji was used to detect emojis within the
text. A part-of-speech identifier from the library nltk was used
to indicate the use of first person and identify interjections. On
the basis of the Python library profanity, we established a list
of swear words that we searched for in the text. We had to adjust
the list to the special domain of IBD as words related to
metabolism were not necessarily swear words.
We started with tweet-level features, which were later grouped
by user to represent personal writing style. To reflect the way
a user expresses themselves on Twitter, we excluded RTs from
the aggregation. The number of tweets in which the URL was
used, for example, was counted on the original tweets only. As
the users’ biographies were considered as tweets in the
tweet-level classifiers, we added the linguistic features that were
extracted from the biographies as bio-features in the user-level
classifiers.
In natural language processing, there are several methods to
obtain a vector representation of text. One of the more
well-known and well-researched techniques is the Bayesian
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probabilistic model of text documents called latent Dirichlet
allocation (LDA). LDA is a topic modeling technique used for
discovering the abstract topics that occur in a collection of
documents [53].
We used LDA to represent text in both tweet- and user-level
classification features. In tweet-level features, each tweet was
considered a document, and the representations were obtained
per tweet. For user-level features, all tweets by the same author
were consolidated into 1 document to obtain representations
per user. All the features used unigram and bigram
representations of the text after data cleaning. The text cleaning
process included converting to lower case, removing punctuation
and stop words, and normalizing links and other special signs
to standard representations.
Social Structure Features
The last type of feature we addressed represented the users’
social connections on Twitter. We used the Twitter API to
collect each user’s followers and followees. For each user, we
kept the number of followers they had (out-degree in the sense
of influence) and the number of followees they had (in-degree)
and scaled the results using a logarithmic scale. We also
computed the closeness centrality measure for each user.
Aggregated features for user-level classification were also
copied to all the users’ tweets to enrich the tweet-level
classification.

Classification Models
Aiming to distinguish between patients with IBD and other
users who tweet about IBD, we compared the performances of
several classification algorithms within 2 classification
approaches: the SI learning approach, which starts by classifying
tweets separately and then deduces the user’s class from their
tweet-level classification, and the metadata-based MI learning
approach, which starts by aggregating tweet-level features to
user-level features and then classifies the users themselves.
The metadata-based MI approach starts by transforming the
data from MI to SI, and then a standard SI algorithm can be
applied to the transformed problem [54,55]. To achieve the
users’ characterization for the MI approach, we applied
arithmetic sum and average to the tweet-level features and
obtained aggregated features per user (refer to the Classification
Features section for more details). Note that this process may
cause some information loss [56].
For both approaches, we tested 5 standard and well-known
algorithms for binary classification tasks such as ours:
AdaBoost, gradient boosting classifier, linear support vector
machine, logistic regression, and random forest. All the
algorithms were applied from the scikit-learn (sklearn) package
in Python [57].
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Experiment
We split our data set by users into training and test sets
(approximately 80%-20%). The training set had 155 patients
and 377 nonpatients, and the test set had 39 patients and 90
nonpatients; thus, the sets maintained the ratio between the
groups.
In the tweet-level classification, the split into training and test
sets was performed based on the split of the users—tweets by
users belonging to the training set were ascribed to the tweet
training set, whereas tweets by users belonging to the test set
were ascribed to the tweet test set. As a result, the tweet training
set contained 263 positive tweets and 1586 negative tweets,
whereas the test set contained 62 positive tweets and 293
negative tweets.
We started with a hyperparameter optimization for all algorithms
using a 5-fold cross-validation over the training data in both
approaches. The values tested for each algorithm and parameter
can be found in Multimedia Appendix 1.
In total, 4 common metrics were used to evaluate the models:
precision, recall, F1 score, and the area under the receiver
operating characteristic curve (ROC AUC). All 4 metrics were
calculated over the positive class that was of interest to us. In
our setting, precision depicts the probability that a positive
prediction is indeed a patient, recall depicts the classifier’s
ability to retrieve patients, and the F1 score combines the 2.
ROC AUC considers the recall of both classes and measures
the ability of the model to retrieve patients without collecting
a lot of unwanted other users.
To select the best algorithm variant, we used a 10-fold
cross-validation technique for a reliable evaluation of the
prediction power. In this process, we randomly divided the
training set into 10 equal-sized parts; then, we iteratively
performed the training on 9 parts and evaluated the model on
the part that was left out. We repeated this iteration 10 times,
leaving out a different part each time. In addition, we repeated
the 10-fold cross-validation process 10 times with different seed
initializations to vary the random split. The performance metrics
were computed each time, and the results presented in the
Results section show the average across these 100 iterations.
In the user-level classification, we obtained all 4 metrics during
the classification process using the sklearn package in Python.
However, in the tweet-level classification, another aggregation
stage was needed before obtaining the metrics directly from the
sklearn package—the process returned the predictions for each
tweet (whether it was written by a patient), and we had to infer
the users’ predictions by aggregating the predictions given to
their tweets. As in the manual annotation process, if all the
user’s tweets received a prediction of 0, the user was considered
a nonpatient and received a negative prediction. Alternatively,
if the user had at least one positive prediction, they were
considered a patient and received a positive prediction. We then
used the sklearn package to compute the user-level metrics
based on the users’ predictions that we obtained and their true
labels.

https://www.jmir.org/2022/8/e29186

XSL• FO
RenderX

Stemmer et al
Finally, we trained the models from each approach (MI and SI)
on the entire training set and evaluated their predictions on the
test set. We used built-in sklearn methods for feature importance
to investigate the contribution of each feature to both logistic
regression and random forest algorithms. The absolute value of
the coefficient represents the feature importance for logistic
regression.

Analyzing Patients’ Tweets
A Corpus of Lifestyle-Related Tweets
The next aim of this study was to obtain a collection of tweets
in which patients describe the lifestyle-related treatments they
have tried and their symptoms. By filtering and merging
different web-based databases [58,59], we established a list of
420 words that are types of food or physical activities (ie,
lifestyle-related words; the full list can be found in Multimedia
Appendix 2). The Twitter Premium API was used to search for
all tweets that mentioned IBD (containing at least one of the 3
keywords described in the Data Collection and Preparation
section: crohn, colitis, and #IBD) and at least one of the 420
lifestyle-related words. To build the search query, we used the
OR operator within the IBD keywords and the lifestyle-related
words and then connected the 2 groups using the AND operator.
We searched for relevant tweets from January 1, 2019, to
September 30, 2019. We excluded RTs and duplicated tweets
from the search and limited the search to tweets written in
English. The search resulted in 20,136 unique tweets containing
new content written by 8519 different users.
We used the classifier from the first part of the study on the
new data we gathered to classify the tweets as patients’ tweets
and user tweets. We needed to recreate the classification features
for the new set of 8519 users. As we did in the first stage, we
collected another week of tweets for all the users from October
1, 2019, to October 7, 2019, without keyword filtering and
including RTs. A total of 39.52% (3367/8519) of the users were
private, suspended, or otherwise unavailable. The process
resulted in a data set of 5152 users who authored 402,843 tweets
overall.
We constructed all the classification features described in the
Classification Features section on the new data except for the
closeness centrality. Obtaining this feature was costly and
time-consuming as it was the only feature that required
collecting all followers and followees for each user and building
their Twitter network. As it was not one of the 10 most helpful
classification features, we decided to omit it.
We then used the MI random forest model we trained in the
first stage (refer to the Classification Models section for more
details) to classify the users and identify patients. A total of
45.79% (2359/5152) of the users were classified as patients,
and they authored 4160 of the original tweets containing our
keywords. We performed a simple text cleaning of those tweets
by removing all screen names (identified by the @ character)
and URLs and continued our analysis with the 4160 clean
tweets.
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Sentiment Analysis of Lifestyle-Related Words
The Natural Language Understanding (NLU) module by IBM
Cloud [60] was used to apply category classification and
keyword extraction to each of our tweets. The category
classification feature aims to identify the theme of the text.
Given a text, the NLU module provides a list of possible
categories and subcategories and their corresponding likelihoods.
The keyword extraction feature recognizes words and phrases
of high importance within the text and calculates their
sentiments. Given a text, the NLU module returns a list of
keywords and their corresponding sentiments represented as
scores on the closed interval of −1 to 1: −1 for extremely
negative sentiment and 1 for extremely positive sentiment. A
score of 0 means that the keyword was mentioned in a neutral
context. The TextBlob library used for sentiment analysis in the
Linguistic Features section only enables full-text sentiment
analysis and does not support entity-level sentiment analysis.

Stemmer et al
Although it was free and easy to use, it did not suit our new task
and, therefore, we chose to replace it with the NLU module.
The goal was to identify the lifestyle-related treatments that
patients undergo to manage their disease and determine their
sentiments toward them. Hence, we focused our analysis on
keywords related to health and nutrition. We grouped all tweets
that were categorized by the NLU module as related to health
and fitness (2080 tweets), food and drink (1568 tweets), or
religion and spirituality (15 tweets). Overall, 3663 tweets were
selected for keyword sentiment analysis. We gathered all the
keywords that appeared in our predefined list of lifestyle-related
words and their corresponding sentiments within each tweet.
In total, 3 examples of this process are presented in Table 2.
Notice how, in the second example, the first word of the original
tweet (marked with the @ symbol) is a screen name and was
therefore removed in the cleaning process.

Table 2. Three examples of category classification and keyword sentiment extraction after text cleaning.
Number

Original text

Text after cleaning

1

Spinach is an inflammatory food with a lot
of sulfur. Ban that too. (I noticed my
Crohn’s tended to flare around spinach
season.)

Spinach is an inflammatory food with Food and drink
a lot of sulfur. Ban that too. (I noticed
my Crohn’s tended to flare around
spinach season.)

2

@bottomline_ibd great poll. I do have the great poll. I do have the odd binge,
odd binge, but IBD has changed what I can but IBD has changed what I can

3

drink. No more red wine or ale

I am living proof that yoga can help
#uchicagoibd #studiothree #yoga #ibd

I am living proof that yoga can help Religion and spirituality
#uchicagoibd #studiothree #yoga #ibd

We used the statistics to build a co-occurrence network that
visualized the connections between lifestyles and their mean
sentiments. The different lifestyles were the nodes, and an arc
connected 2 lifestyles if they appeared in the same tweet. The
more times they appeared together, the stronger the connection
between the lifestyles was. Therefore, the resulting network
was undirected and weighted by the number of times the
lifestyles co-occurred. The purpose was to identify helpful
lifestyles (frequently mentioned in a positive context) and
lifestyles that it is better to avoid (frequently mentioned in a
negative context) and examine whether certain lifestyles tend
to be implemented together.
The network was obtained using Gephi software (GNU General
Public License) for network analysis and visualization. Each
node was colored on a scale from green to red based on the
mean sentiment of the lifestyle it represented, with green being
very positive and red being very negative. The sizing of the
nodes reflected the number of times the lifestyles were
mentioned in the tweet database: the more times they appeared,
the larger their nodes were. The thickness of each arc
https://www.jmir.org/2022/8/e29186

RenderX

Food and drink

drink. No more red wine or ale

To examine the effectiveness of each lifestyle-related phrase
(lifestyle, in short) and to assess its overall sentiment, we
aggregated the results by lifestyle and calculated the following
statistics: the total number of times the lifestyle appeared in all
tweets, the number of times it appeared in a positive (or
negative) context, the positive to negative ratio of the number
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Keyword sentiment
Spinach: −0.63

Red wine: −0.83;
ale: −0.83

Yoga: 0.69

represented the number of times the 2 lifestyles it connected
co-occurred: the thicker the arc, the more times the 2 lifestyles
appeared together. To avoid obtaining an overdense network,
we only considered the nodes of lifestyles mentioned at least
five times in our database. We included arcs between lifestyles
that co-occurred at least four times. The process resulted in 144
lifestyles presented in the network and sorted in a table by mean
sentiment.

Ethical Note
The collection and analysis of Twitter data may entail ethical
challenges that should be addressed and handled properly.
Twitter data are public and available for research via Twitter
APIs. By accepting Twitter’s Terms of Service and Privacy
Policy, Twitter users acknowledge that their tweets can be
viewed instantly worldwide and that their information may be
collected by third parties [61]. Nonetheless, social media studies
have revealed that users on Twitter feel as if they are engaged
in a private conversation with their followees and followers
[62,63]. Although they are generally not concerned with their
posts being used for research purposes, they expect anonymity
in publication and to be asked for their consent before
publication.
Obtaining informed consent from all the users who participate
in research on Twitter data may be unfeasible. Data sets are
likely to be large and involve many authors [61-63]. Individually
seeking consent from all 722 users in our study would be
labor-intensive or impossible as some might be unreachable.
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Moreover, providing total anonymity to users while directly
quoting their content is not practical; tweets are easily
searchable, leaving their authors vulnerable to identification.

Results

To adhere to ethical norms and maintain user privacy, we only
published aggregated results that do not reveal the specific users.
The 3 examples containing direct quotes from tweets (in Table
2) are presented in this study after obtaining informed consent
from their authors.

Table 3 shows the 10-fold cross-validation and test results for
the 2 classification approaches: SI classifying tweets and MI
classifying users. The table shows the results of the 4 metrics
for all 5 classification algorithms.

Patient Identification

Table 3. The 10-fold cross-validation and test results for the single instance (SI) and multiple instance (MI) classifications.
Algorithm and metric

SI tweet-level classification

MI user-level classification

10-fold

Test

10-fold

Test

Precision

0.6775

0.7241

0.6151

0.5902

Recall

0.6297

0.5385

0.7284

0.9231

F1 score

0.6525

0.6176

0.6542

0.7200

ROC AUCa

0.7532

0.7248

0.8469

0.8226

Precision

0.7416

0.6471

0.6668

0.6735

Recall

0.6465

0.5641

0.6778

0.8462

F1 score

0.6906

0.6027

0.6711

0.7500

ROC AUC

0.7768

0.7154

0.8658

0.8342

Precision

0.7249

0.6667

0.6648

0.5814

Recall

0.6832

0.7179

0.6398

0.6410

F1 score

0.7034

0.6914

0.6472

0.6098

ROC AUC

0.7883

0.7812

0.8463

0.7205

Precision

0.7405

0.6333

0.6594

0.6250

Recall

0.6335

0.4872

0.6358

0.6410

F1 score

0.6829

0.5507

0.6423

0.6329

ROC AUC

0.7712

0.6825

0.8473

0.7372

Precision

0.7676

0.7333

0.6721

0.6444

Recall

0.4355

0.2821

0.6646

0.7436

F1 score

0.5555

0.4074

0.6595

0.6905

ROC AUC

0.6906

0.6188

0.8722

0.7829

AdaBoost

Gradient boosting classifier

Linear SVMb

Logistic regression

Random forest

a

ROC AUC: area under the receiver operating characteristic curve.

b

SVM: support vector machine.

Both approaches showed satisfactory classification results for
the patient classes. Although the precision rates were slightly
higher for the SI approach, the recall index of the MI approach
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was better, and the results for the ROC AUC measure were
consistently higher in the MI approach. Figure 3 shows the
differences among the 4 measures within the test set results.
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Figure 3. Test result comparison between the 2 classification approaches. MI: multiple instance; ROC AUC: area under the receiver operating
characteristic curve; SI: single instance; SVM: support vector machine.

Investigating the contribution of each feature to both the logistic
regression and random forest algorithms showed the importance
of the use of first-person voice. In both classification approaches
and algorithms, the most important feature was the use of the
first person, which had a significant advantage over the other
features. The first-person flag was the best feature of the SI
approach, and its average was the best feature of the MI
approach. Another dominant feature was the use of profanities
as it was one of the most significant features in both approaches
and algorithms.
The analysis also highlighted the importance of the LDA
features derived from the text. The second-best feature of the
SI approach was LDA topic 11 for both the logistic regression
and random forest algorithms. This was the only topic that did
not contain IBD-related words. The fourth and fifth most
important topics of the MI approach were identical for both
algorithms—LDA topics 17 and 9, respectively. The LDA topics
that were created over the training data for each approach can
be found in Multimedia Appendix 3.

network describing the relationships between the different
lifestyles can be found in Multimedia Appendix 4.
The most frequent word in our database was diet, encapsulating
all the nutritional adjustments that patients undergo to manage
their disease. Specific diets such as paleo, vegetarian, or liquid
diets also surfaced and in a negative context.
It is interesting to note that the negative and positive lifestyles
revealed by the analysis were in line with what is known about
suitable nutrition for IBD. Among the most negative lifestyles
(by mean sentiment), we found alcohol, milk, spicy, cabbage,
flour, lentil, and orange juice, all known to cause inflammation
and irritate the stomach. Among the most positive lifestyles (by
mean sentiment), we found activity-related lifestyles such as
fitness or yoga and healing foods such as salmon, ginger, and
garlic. The most positive lifestyle turned out to be sushi, which
usually contains anti-inflammatory ingredients such as salmon
or tuna, seaweed, and rice. Table 4 presents the 20 most positive
and 20 most negative lifestyle-related words sorted by mean
sentiment.

Analyzing Patients’ Tweets
In the second stage of the study, a network of connections
between lifestyles was built and visualized. The obtained
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Table 4. The 20 most positive and 20 most negative lifestyles sorted by mean sentiment.
Rank

Keyword

Count

Sentiment, mean (SD)

Count of positive

Count of negative

Odds

1

Sushi

9

0.466 (0.814)

7

2

3.500

2

Ginger ale

5

0.407 (0.597)

3

1

3.000

3

Salmon

7

0.344 (0.691)

4

3

1.333

4

Cherry

10

0.33 (0.696)

6

2

3.000

5

Breakfast

29

0.28 (0.75)

19

9

2.111

6

Garlic

8

0.244 (0.671)

4

2

2.000

7

Bagel

5

0.224 (0.633)

3

1

3.000

8

Almond

9

0.193 (0.668)

6

3

2.000

9

Yogurt

14

0.189 (0.688)

7

3

2.333

10

Yoga

15

0.186 (0.693)

7

5

1.400

11

Ham

5

0.184 (0.535)

2

1

2.000

12

Biscuit

13

0.172 (0.75)

8

5

1.600

13

Spinach

6

0.171 (0.76)

4

2

2.000

14

Vegan cheese

5

0.164 (0.92)

3

2

1.500

15

Lamb

5

0.14 (0.861)

3

2

1.500

16

Cake

26

0.13 (0.752)

16

9

1.778

17

Fitness

19

0.114 (0.728)

9

6

1.500

18

Ginger

17

0.112 (0.724)

8

7

1.143

19

Tomato

10

0.089 (0.608)

5

3

1.667

20

Cafe

7

0.081 (0.783)

3

3

1.000

125

Fodmap

12

−0.501 (0.573)

2

9

0.222

126

Cocktail

5

−0.51 (0.769)

1

4

0.250

127

Fiber

63

−0.512 (0.547)

7

47

0.149

128

Spicy

37

−0.514 (0.572)

7

28

0.250

129

Vegetable

49

−0.533 (0.529)

6

39

0.154

130

Corn

28

−0.534 (0.487)

2

22

0.091

131

Alcohol

64

−0.545 (0.545)

9

51

0.176

132

Milkshake

5

−0.556 (0.811)

1

4

0.250

133

Milk

44

−0.565 (0.5)

4

35

0.114

134

Vegetarian diet

10

−0.567 (0.409)

1

8

0.125

135

Snack

10

−0.573 (0.568)

2

8

0.250

136

Fig

5

−0.578 (0.621)

1

4

0.250

137

Turkey

10

−0.608 (0.626)

2

8

0.250

138

Yeast

16

−0.624 (0.391)

1

13

0.077

139

Orange

7

−0.638 (0.449)

0

5

0.000

140

Beverage

7

−0.661 (0.616)

1

6

0.167

141

Cabbage

8

−0.675 (0.19)

0

8

0.000

142

Orange juice

5

−0.682 (0.385)

0

4

0.000

143

Flour

6

−0.785 (0.211)

0

6

0.000

144

Lentil

6

−0.785 (0.188)

0

6

0.000
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Discussion
Principal Findings
This study presents a workflow for identifying patients with
IBD on Twitter and exploring their tweets. The aim was to
identify patients with IBD based on the way they communicate
on Twitter and to learn from the personal experiences they share.
In the first stage of the study, a classifier of Twitter users
designed to distinguish patients with IBD from other users was
constructed and evaluated. Classification features combining
social data and text analysis were extracted from the users’
activity on Twitter, their social connections, and the content of
their tweets. Various classification algorithms were considered,
and 4 evaluation measures were calculated for each of them.
The encouraging results shown in the previous section helped
convince us that patients with IBD can be identified on Twitter
based on such features.
Classification results from both the SI and MI approaches show
that patients with IBD differ in the way they communicate on
Twitter from other users who tweet about the disease. They talk
in the first person more often and use more profanities in their
tweets. These gaps, which can be explained by the fact that
patients are private individuals whereas nonpatients also include
organizations and voluntary associations that communicate in
a much more formal manner, helped distinguish patients from
other entities in the different classification models we tried in
this study.
Our analysis differs from previous research regarding user
classification on Twitter [36-38] in 2 aspects. Conceptually, we
investigate a different domain and try to identify patients on
Twitter. Practically, we compare the results from the user-level
classification with a tweet-level classification.
In the second stage of the study, tweets of patients with IBD
were collected to investigate the different lifestyles they
implemented to deal with their disease and assess these
lifestyles’ effectiveness. Unlike previous research on patients’
sentiments on Twitter [48-50], we focused our research on entity
sentiment for specific words rather than the entire tweet’s
sentiment. We suggested a novel approach by considering entity
sentiment analysis to obtain patients’ sentiments toward the
different nutrition and fitness-based solutions they try. These
findings were in line with what is known about IBD as several
foods known to cause inflammation were pointed out in a
negative sentiment, whereas relaxing activities and
anti-inflammatory foods surfaced in a positive context.
This study suggests that there is room for collaboration between
physicians and engineers regarding understanding chronic
diseases. Owing to the chronic nature of the disease and the fact
that it involves bowel movements, patients with IBD are
compelled to follow special nutrition and maintain a calm
routine. By collecting and analyzing patients’ personal
experiences on social media, we can monitor patients’ lifestyles
and support medical knowledge of IBD. We can identify and
assess complementary treatments to diets and physical activity
and maybe ease patients’ processes of finding the right
treatments for them. Although such analysis should not strive
https://www.jmir.org/2022/8/e29186
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to replace physicians or draw conclusions of a clinical nature,
it may provide complementary recommendations for healthy
lifestyles based on the wisdom of the crowd.

Limitations and Future Work
Overview
The focus of this study was on showing the potential of
identifying patients with IBD on Twitter and learning from their
tweets. This study emphasized the entire process, and we did
not perfect each part separately. As this section explains, each
part can be improved by trying different methods and enriching
the analysis.

Patient Identification
The classifier developed in the first stage of this study uses
1-level, binary classification to separate patients with IBD from
other users who tweet about the disease. Some of its features
distinguish organizations from individuals in general and do
not necessarily detect patients, such as the use of the first person
in the tweet. Therefore, our nonpatient class is heterogeneous
and somewhat ambiguous, containing both organizations that
significantly differ from patients in their communication patterns
and healthy individuals who differ from patients in a more
refined manner. Even during the manual labeling process, all
14 users excluded from the data set owing to classification
disagreements were individuals talking in the first-person voice.
A possible direction for future work would be to try a 2-step
classification: separating persons from organizations and
continuing by searching for patients among these individuals.
It can improve the robustness of some of the features by
overcoming the heterogeneity of the nonpatient class in our
model. Alternatively, we could try replacing the binary
classification with a multinomial one that will capture not only
organizations and patients but also individuals who talk about
the disease and maybe mention other patients but are not sick
themselves.
During the construction of the network-based features, we only
collected immediate connections on Twitter (ie, the followers
and followees of each patient). The sampling method resulted
in basic network features that mainly included degree measures.
We encourage future research to consider more interesting
network features such as other centrality measures or structures.
Such enhancement will require collecting at least one more level
of connections (eg, followees of followees) to understand
network patterns better.
Finally, the classifier uses standard classification algorithms
and did not try current state-of-the-art learning techniques based
on neural networks. Text representation using word embeddings,
where words are mapped to vectors of real numbers in a
predefined vector space [64,65], is also worth examining.

Analyzing Patients’ Tweets
The NLU module by IBM Cloud was used in this study for
entity sentiment analysis as a proof of concept. We did not
evaluate its results or compare them with similar tools available
in the market, such as the Natural Language API by Google
Cloud. Future research should consider performing similar
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analyses with different natural language processing tools and
comparing their results. Even training designated algorithms
on data from lifestyle-related tweets such as those used in this
study can benefit the analysis.
Overall, the results for the second part are preliminary, and
much more can be done to understand what patients with IBD
are talking about on Twitter. For example, by characterizing
treatment options and patients’ sentiments toward them, one
can derive recommendations for a healthy lifestyle based on the
wisdom of the crowd. Thoroughly exploring outliers, such as
the 4 positive mentions of milk as opposed to the 35 negative
ones, can reveal new information regarding the disease that has
not yet been covered in the literature.

Conclusions
In the era of personalized medicine and patient-centered care,
it is important to derive insights that reflect the patients’
perspectives as manifested in social media. Although the time
between physician appointments can be lengthy, messages on
social media are being posted each day, and patients constantly
use them to exchange inputs and recommendations.

Stemmer et al
This study provides a potential pipeline for identifying patients
with chronic illnesses on Twitter and collecting their tweets to
analyze the experimental knowledge they share on the web. The
method presented in this study was applied to IBD and can also
help explore other medical conditions. The classifier for
IBD-related entities can be adapted to identify other patients
with chronic illnesses. The analysis of patients’ tweets can
benefit research on other chronic conditions with similar
characteristics. With conditions such as celiac disease or
diabetes, which involve strict dietary guidelines, one can better
understand patients’ difficulties with adherence to their new
lifestyles. When considering diseases that cause embarrassment,
such as HIV, one can learn more about the constant struggle of
patients living with the disease.
Therefore, the contribution of this study is 2-fold: it provides
an analytical contribution to the fields of text mining and social
media and a practical contribution by better understanding
chronic conditions and promoting a healthy lifestyle for patients
with chronic illnesses.
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Abstract
Background: Research has repeatedly shown that exposure to suicide-related news media content is associated with suicide
rates, with some content characteristics likely having harmful and others potentially protective effects. Although good evidence
exists for a few selected characteristics, systematic and large-scale investigations are lacking. Moreover, the growing importance
of social media, particularly among young adults, calls for studies on the effects of the content posted on these platforms.
Objective: This study applies natural language processing and machine learning methods to classify large quantities of social
media data according to characteristics identified as potentially harmful or beneficial in media effects research on suicide and
prevention.
Methods: We manually labeled 3202 English tweets using a novel annotation scheme that classifies suicide-related tweets into
12 categories. Based on these categories, we trained a benchmark of machine learning models for a multiclass and a binary
classification task. As models, we included a majority classifier, an approach based on word frequency (term frequency-inverse
document frequency with a linear support vector machine) and 2 state-of-the-art deep learning models (Bidirectional Encoder
Representations from Transformers [BERT] and XLNet). The first task classified posts into 6 main content categories, which are
particularly relevant for suicide prevention based on previous evidence. These included personal stories of either suicidal ideation
and attempts or coping and recovery, calls for action intending to spread either problem awareness or prevention-related information,
reporting of suicide cases, and other tweets irrelevant to these 5 categories. The second classification task was binary and separated
posts in the 11 categories referring to actual suicide from posts in the off-topic category, which use suicide-related terms in another
meaning or context.
Results: In both tasks, the performance of the 2 deep learning models was very similar and better than that of the majority or
the word frequency classifier. BERT and XLNet reached accuracy scores above 73% on average across the 6 main categories in
the test set and F1-scores between 0.69 and 0.85 for all but the suicidal ideation and attempts category (F1=0.55). In the binary
classification task, they correctly labeled around 88% of the tweets as about suicide versus off-topic, with BERT achieving
F1-scores of 0.93 and 0.74, respectively. These classification performances were similar to human performance in most cases
and were comparable with state-of-the-art models on similar tasks.
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Conclusions: The achieved performance scores highlight machine learning as a useful tool for media effects research on suicide.
The clear advantage of BERT and XLNet suggests that there is crucial information about meaning in the context of words beyond
mere word frequencies in tweets about suicide. By making data labeling more efficient, this work has enabled large-scale
investigations on harmful and protective associations of social media content with suicide rates and help-seeking behavior.
(J Med Internet Res 2022;24(8):e34705) doi:10.2196/34705
KEYWORDS
suicide prevention; Twitter; social media; machine learning; deep learning

Introduction
Background
Suicide is a major public health problem worldwide, accounting
for 1.4% of all deaths, equaling almost 800,000 in 2017, with
many more suicide attempts [1]. Research shows that exposure
to suicide-related news media content can influence suicidal
behavior in vulnerable individuals in both harmful and beneficial
ways. Whether suicide cases increase or decrease after exposure
to suicide-related news seems to depend on specific elements
of media content and language. As a recent meta-analysis of
media effects research on suicide shows, most solid evidence
exists for increases in suicides after exposure to news about
celebrity deaths by suicide [2]. This imitation of suicidal
behavior is commonly referred to as the Werther effect [3]. In
contrast, exposure to other types of content may have a
protective effect, with the strongest evidence existing for stories
of hope, recovery, and coping [4-6]. However, broader
prevention texts (ie, texts focused on prevention that were not
personal stories of recovery) have also been found to be
associated with protective effects in some studies [7,8]. The
association of positive messaging on suicide prevention with
later decreases in suicide rates has been labeled as the Papageno
effect [4].
Studies investigating how exposure to media content is
associated with suicidal behavior have mainly focused on
traditional news outlets, such as print and web-based
newspapers, radio, and television broadcasts. Investigations of
the associations between social media content and suicides
remain extremely scarce [9-13]. Most of the previous research
on social media has focused on detecting suicidal ideation in
users’ posts with the purpose to identify individuals at risk, but
very little research has been conducted to analyze media effects.
The applied methods for identifying such individuals include
machine learning as well as word dictionaries, word frequencies,
topic models, and social network analysis (eg, [14-18]; for more
information, see reviews by Bernert et al [19], Castillo-Sánchez
G [20], Ji et al [21], Wongkoblap et al [22], and Yin et al [23]).
A small number of studies have started developing machine
learning classifiers for content other than suicidal ideation,
despite evidence from research on traditional media that other
content types can affect suicidal behavior (eg, [2,4]).

Limitations of Previous Similar Machine Learning
Studies
A machine learning study categorized tweets according to
expressed emotions [9], whereas 2 further studies [24,25]
classified typically occurring content types, including celebrity
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suicide reports, suicidal intent, awareness campaigns, prevention
information, condolences, and flippant remarks. Although these
2 studies include several different prevention-relevant content
types, they both use the same and relatively small data set, which
is limited to tweets containing celebrity names or suicidal intent.
Furthermore, all these machine learning studies have used word
frequency statistics as predefined features for model training,
which cannot capture differences in the meaning of words across
different contexts. This study addresses several gaps in the
existing literature on media effects on suicidal behavior. The
first is the lack of research on suicide-related social media
content other than suicidal ideation. Suicide is a leading cause
of deaths among young adults [1] who predominantly receive
news on such platforms [13,26]. This highlights the urgency of
systematic research on social media effects. In addition, social
media posts often feature other content types than traditional
news outlets, on which research is required. This includes
diary-like posts in which people describe their personal
experiences or posts addressed to their social network with the
intention to prevent suicides. In this study, we investigated
Twitter data and created a detailed annotation scheme for the
types of suicide-related tweets that are potentially relevant to
prevention efforts.
Second, regarding prevention-related media content, there is
currently a discussion in the literature on whether content that
highlights prevalence data to increase problem awareness has
a protective effect or may even be detrimental [27]. By
highlighting the prevalence of suicide and risk factors such as
mental health or abuse without mentioning solutions to the issue,
attempts to spread awareness may normalize suicidal behavior
and trigger harmful effects [28]. In this study, we have addressed
the lack of studies differentiating between prevention messages
focusing on prevalence and prevention opportunities [27].
Specifically, we distinguish between awareness and
prevention-focused calls for action on Twitter.
Third, the samples used in previous studies on suicide-related
social media content are limited either in size (eg, [10,11]) or
by a set of search terms used to collect tweets (eg, [12,29]).
Sample sizes are usually small as all content needs to be
annotated manually. Search terms either narrowly focus on
events such as the suicide of specific celebrities (eg, [12]) or
broadly include all texts containing the word suicide. Therefore,
the effects of different content types may cancel each other out
[2]. Thus, to systematically investigate the potentially harmful
and protective effects, a large-scale and simultaneously
fine-grained approach is necessary.
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Overview of This Study
We have addressed these challenges by first developing a
comprehensive annotation scheme that systematically organizes
tweets about suicide into categories most likely to beneficially
or harmfully affect suicidal and help-seeking behavior based
on available evidence (eg, [2,4,6,30]). Second, we compared
different natural language processing and machine learning
methods to automatically detect and classify particularly
important categories in large quantities of social media data.
Extending previous work on different prevention-related social
media content types [9,24,25], we included not only word
frequency–based models but also 2 deep learning models that
can capture content-dependent meanings of words [16]. We
trained all models in two tasks: a multiclass classification
problem with 6 main content categories and a binary
classification problem of tweets about actual suicide versus
off-topic tweets, which use the word suicide in another meaning
or context.
The 6 main categories assessed include 5 content types that are
particularly relevant for suicide prevention based on previous
research. As described earlier, the strongest evidence exists for
celebrity suicide case reports having harmful effects and for
personal stories of hope and coping having protective effects.
A second type of personal stories in Twitter posts mentions
suicidal ideation and attempts without any hint at coping or
recovery. Preliminary evidence suggests that such posts may
have a protective effect [11]. Some evidence also suggests
protective effects for general prevention messages [7,8]. We
have distinguished between general prevention messages calling
for action by either spreading prevention-related information
or solution-oriented attitudes from those spreading problem
awareness only. Finally, we included an irrelevant category to
identify tweets outside the other 5 possible categories described.

Objectives
The objective of our study was to enable large-scale studies on
the association between tweet content and suicidal and
help-seeking behaviors. Specifically, we aimed to provide
volume estimates for the different prevention-relevant tweet
categories for follow-up studies on the associations of these
estimates with the number of suicide cases and helpline calls.

Methods
Data Set for Training Machine Learning Models
Given that this study is part of a project on media messaging
for suicide prevention in the United States, all data sets of this
study include English tweets of users located in the United
States. We retrieved tweet IDs via the data reseller Crimson
Hexagon (now known as Brandwatch), previously used for
suicide research [9,12], and then downloaded the full text of
these tweets via the Twitter application programming interface.
Crimson Hexagon provides access to the entire history of Twitter
data and includes reliable language and location filters. The
location algorithm matches 90% of all posts in a country to a
location using a combination of geocoordinates, location
information from user profiles, and users’ time zones and
languages [1].
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Using a list of keywords and exclusion terms, we created a pool
of unique tweets without duplicates or retweets, based on which
we prepared a labeled set of tweets for training the machine
learning models. We retrieved tweets posted between January
1, 2013, and May 31, 2020 (see note on dates in Multimedia
Appendix 1), which contained at least one of the suicide-related
search terms taken from a previous study [11]. The search terms
were suicide, suicidal, killed himself, killed herself, kill himself,
kill herself, hung himself, hung herself, took his life, took her
life, take his life, take her life, end his own life, end her own
life, ended his own life, ended her own life, end his life, end her
life, ended his life, ended her life, ends his life, and ends her
life.
The exclusion terms were identified by inspecting word
frequency plots for common terms that may indicate that tweets
used the term suicide to describe something other than someone
ending their life or terms that indicated tweets about suicide
bombing. We then verified whether these terms were actual
mismatches by reading examples of tweets containing these
terms. Thus, tweets with the most common use of the term
suicide in contexts that do not refer to actual suicide could be
excluded. The final list of exclusion terms was suicide squad
(a movie), suicidechrist, SuicideGirl* (a website featuring pin-up
photographs of models), SuicideBoy* (male models),
suicideleopard (a frequently mentioned Twitter user),
suicidexjockey* (a Twitter user), suicidal grind (a music album),
Epstein (excessive speculations about whether the death of
Jeffrey Epstein was or was not a suicide), political suicide
(tweets using suicide as a metaphor for political failure), Trump,
clinton*,Hillary, Biden, and sanders (also mostly about political
suicide).
To avoid overlearning from multiple identical tweets, we
ensured that the labeled data used for machine learning did not
include any tweet duplicates. We excluded retweets (tweets
categorized as retweets by Crimson Hexagon given the metadata
of tweets as well as tweets containing the manual labels RT for
retweets or MT for slightly modified tweets). We assembled a
labeled data set of 3202 tweets by iteratively selecting tweets
from a larger pool of tweets as described in the Creating the
Annotation Scheme and Labeled Data Set section. We refer to
these 3202 tweets as the total labeled data set. Although part
of this data set was combined using keywords and model
predictions (see below), a second subsample of 1000 tweets
was selected randomly. We refer to these 1000 tweets as the
randomly selected labeled data set.
In the course of the study, we combined two other data sets: the
first to compare model and human interrater reliability and the
second for a face validity check and a follow-up study
(Niederkrotenthaler et al, unpublished data, May 2022; see
Multimedia Appendix 1 for details). Both are described in detail
in the EvaluatingReliability and Face Validity of Model
Predictions for BERT section.

Creating the Annotation Scheme and Labeled Data
Set
Creating the annotation scheme and the labeled data set was an
iterative human-in-the-loop process building on preliminary
classifiers and annotations. We started with 5 broad categories
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which appeared most relevant, given previous research on
traditional media (see the Introduction section). We then added
additional categories when tweets did not fit into the existing
categories but might nevertheless be associated with suicides.
Given that the tweets of interest are relatively rare compared
with irrelevant tweets, we used the following stepwise procedure
to identify examples, which is also illustrated in Figure 1.
1.

2.

We manually selected approximately 100 tweets for each
of the 5 main categories (550 tweets in total): suicide cases,
coping stories, awareness, prevention, and irrelevant tweets.
To gather the first set of tweets, we searched the data set
for typical examples, both randomly and with keywords
that might indicate each particular category. We iteratively
expanded the list of keywords by inspecting the most
frequent terms in the resulting tweets in a systematic way
[31]. The full list of keywords is provided in Multimedia
Appendix 1; examples are committed or found dead for
suicide cases, recover* or hope for coping stories, lifeline
or prevention for prevention, awareness, and please retweet
or please copy for awareness.
We used a preliminary machine learning model to make
predictions based on the first training data set of 550 tweets
to identify potential examples for each category. Next, two
authors with domain expertise (TN and HM) continued
annotating 100 tweets from each of the 5 predicted
categories (484 after removing duplicates and missing labels
from a coder). The interrater reliability for these 500 tweets
was a Cohen κ of 0.75. On the basis of a careful inspection
of all disagreements, we refined the definitions for all
categories and adjusted the labels of all previously annotated
tweets accordingly. Annotating these tweets, we further
noticed a novel type of message not described in research
on traditional news reporting, namely purely negative
descriptions of suicidal experiences without any hint at
coping, hope, or recovery. We updated the annotation
scheme to include this new category suicidal ideation and
attempts, resulting in 6 main categories. The total training
set of tweets included 1034 tweets.
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3.

4.

5.

6.

At this stage of the labeling process, we found that two
dimensions were generally helpful in differentiating
between categories: message type (eg, a personal story, a
news story, and a call to action) and the underlying
perspective about suicide (ie, if the tweet applies a problemand suffering- or solution- and coping-centered perspective).
For each message type, we noticed that some tweets
implicitly or explicitly frame suicide only as a problem or
from an exclusively negative or suffering perspective
(categories: suicidal ideation and attempts, suicide cases,
and awareness), whereas other tweets implied that coping
was possible or suggested ways of dealing with the problem
(categories: coping stories and prevention).
Repeating step 2, we trained our best preliminary model to
make new predictions for the 6 categories based on all
labeled tweets. Each coder annotated a different set of
tweets for each predicted label until we reached a minimum
of 200 training examples for the smallest categories
(suicidal and coping stories). This resulted in 2206 tweets
in total.
To mitigate bias from the search terms we used to assemble
our initial training set and to estimate the distribution of
tweets across categories on Twitter, HM labeled a random
sample of 996 tweets (initially 1000, with 4 were not labeled
owing to a displaying error in the used spreadsheet). These
were then added to the training set, resulting in a total
sample of 3202 tweets.
After reviewing the entire training set, we finally refined
the categories to allow for the following distinctions: for
stories about coping and suicidal experiences, we
differentiated the perspective from which an experience
was described (first or third person), which experience was
described (the one of a concerned or a bereaved individual),
and whether a tweet was shared by news media or individual
users. For reporting of cases, we distinguished tweets about
individuals who had actually died by suicide from tweets
about someone saving the life of an individual who was
about to take his or her life. Finally, we organized the tweet
categories according to 2 dimensions further described in
the Annotation Scheme section.
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Figure 1. Creating the labeled data set and annotation scheme. Each box describes how tweets were selected from the large pool of available tweets,
how many tweets were added to the training data set in each step (after removing duplicates), and how many coders labeled each tweet. When we used
preliminary model predictions to identify potential candidates for each category, we deleted the model labels before manual coding. After rounds with
2 coders, we checked interrater reliability, adapted the annotation scheme until all disagreements were clarified, and relabeled the respective sample.

Annotation Scheme
Overview
The annotation scheme divides tweets into 12 categories,
including 10 categories of interest and 2 irrelevant categories.
Each category can be described in terms of two dimensions: the
message type (eg, a personal story, a news story, and a call to
action) and the underlying perspective about suicide (ie, if the
tweet applies a problem- or solution-centered perspective). The

perspective distinguishes messages that implicitly or explicitly
frame suicide only as a problem or from an exclusively negative
or suffering perspective from messages that imply that coping
is possible or suggest ways of dealing with the problem. The
organization of the tweet categories along these 2 dimensions
is presented in Table 1. Detailed instructions for annotating
tweets are provided in Multimedia Appendix 2. These include
prioritization rules for how to deal with ambiguous tweets that
may fit into more than one category.

Table 1. Annotation scheme of content categories organized along two dimensions: message type and underlying perspective about suicide.
Message type

Underlying perspective
Problem and suffering

Solution and coping

Personal experiences first or third person

Suicidal ideation and attemptsa

Coping (Papageno)a

News about experiences and behavior

News suicidal ideation and attempts

News coping

Experience of bereaved

Bereaved negative

Bereaved coping

Case reports

Suicide cases (Werther)a

Lives saved

Calls for action

Awarenessa

Preventiona

Irrelevanta

a

Suicide other

Murder-suicides, history, fiction, not being suicidal, and opinions

Off-topicb

Bombings, euthanasia, jokes, metaphors, and band or song names

The 6 main categories classified in machine learning task 1.

b

Task 2 distinguished the off-topic category from all other categories (see Classification Tasks).

Description of Content Categories
For each message type (except for irrelevant messages), there
is a category for more problem- or suffering-focused tweets and
for more solution- or coping-focused tweets:

https://www.jmir.org/2022/8/e34705

XSL• FO
RenderX

1.

Personal stories describing the experience of an affected
individual either in first- or third-person perspective:
•
Suicidal ideation and attempts: Personal stories about
an individual’s negative experiences with suicidal
thoughts, related suffering (eg, depression), suicidal
communication and announcements, or suicide attempts
without a sense of coping or hope
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2.

Coping: Personal stories about an individual’s
experience with suicidal thoughts or a suicide attempt,
with a sense of hope, recovery, coping, or mentioning
an alternative to suicide. The sentiment does not have
to be positive. A neutral tone or talking about difficult
experiences with a sense of coping or mentioning
recovery is sufficient. Previous research has suggested
that such messages may have a Papageno effect.

News reports about suicidal experiences and behavior
except cases, often about celebrities:
•
News suicidal ideation and attempts: About suicidal
experiences without any mention of coping, including
reports on suicidal ideation, suicide attempts,
announcements of suicide, and someone being put on
“suicide watch”
•
News coping: About attempted or successful coping
with or recovering from a suicidal crises.

3.

Tweets describing the experience of a person who has lost
someone to suicide from the first- or third-person
perspective:
•
Bereaved negative: Describes the suffering or purely
negative experience of a person who has lost someone
to suicide, including depression, grief, and loss. These
tweets necessarily refer to a suicide case but are labeled
as bereaved as long as they focus on the experience of
bereaved individuals.
•
Bereaved coping: Describes the experience of a
bereaved person with a sense of hope, recovery, or
coping. The sentiment does not have to be positive. A
neutral tone, or talking about difficult experiences with
a sense of coping or mentioning recovery is sufficient.

4.

Reports of a particular completed or prevented suicide cases,
often news reports:
•
Suicide cases: About an individual suicide or a timely
or geographical suicide cluster. Suicide cases have
priority over the definition criteria of other categories
(except tweets focusing on bereaved individuals, which
are always related to a suicide case). Previous research
suggests that such messages on individual suicide
deaths (especially about celebrities) may have a
Werther effect.
•
Lives saved: News report or personal message about
someone saving a life. In contrast to prevention tweets,
these lives are often being saved coincidentally.

5.

Calls for action are general statements calling for actions
addressing the problem of suicide and intending to spread
problem awareness or prevention-related information:
•
Awareness: Tweets intending to spread awareness for
the problem of suicide, often focusing on high suicide
rates or associations with bullying, racism, depression,
and Veterans without hinting at any solution. These
are often the reports of research findings or suicide
statistics.
•
Prevention: Tweets spreading information about a
solution or an attempt to solve the problem of suicide,
including prevention at an individual (eg, do not leave
people alone in crisis situations) or public health level
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(eg, safety nets on bridges). Hinting at a solution or a
way of dealing with the problem is sufficient. No
specific action needs to be described. These tweets
often include a helpline number. Announcements of
prevention events and broad recommendations for
actions also count—donations and prayers with a focus
on a solution for suicide, being there for someone,
telling people that they matter, taking a course about
suicide prevention, and warning signs to watch out for.
6.

Irrelevant, including messages that do not fit into any of
the above categories:
•
Suicide other: Anything about actual suicide but not
clearly related to any other above category, including
murder-suicides, confident statements that something
was not a suicide, convincing statements of not being
suicidal, historical tweets about suicides that were a
minimum of 40 years ago (eg, about the suicide of
Hitler), movies, books, novels, and fiction about
suicide.
•
Off-topic: Messages that use the term suicide in a
context other than suicide. This includes messages on
euthanasia, suicide bombing and suicide attacks,
messages that are (suspected) jokes, irony, sarcasm,
flippant remarks or really unclear in terms of
authenticity, and messages that use suicidal or suicide
to exaggerate an emotional experience (unclear if
serious) or as a metaphor (eg, political, financial, or
career suicide, suicide workout, and suicidal
immigration policies), and messages about “suicidal
animals” (eg, killed by car).

Analysis
Software
Data analysis was performed using R for intercoder reliability,
descriptive statistics, and figures (version 3.6.3, R Foundation
for Statistical Computing). The main libraries used in R were
tidyverse, caret, and DescTools [32-34]. For training deep
learning models, we used Python 3.6 (Python Software
Foundation). The main packages were the ktrain wrapper [35]
for the deep learning library TensorFlow Keras [36] and the
scikit-learn library [37] for term frequency-inverse document
frequency (TF-IDF) and support vector machines (SVM). For
links to code and data, refer to the Data and Code Availability
section.

Text Preprocessing
We applied standard preprocessing strategies (eg, [38]) and
replaced all URLs with a general marker token “http,” all
mentions (tags of Twitter users) with “@user,” and lowercased
all words. The latter allowed using the smaller, more
resource-efficient Bidirectional Encoder Representations from
Transformers (BERT)–lowercase model (see the BERT-base
section). We kept emoji, stop words, and punctuation separated
into single tokens, given that they can indicate the emotional
connotation of a message (eg, expressing excitement or surprise
[39] or frequent singular pronouns indicating suicidal ideation
[15]). We report the effects of additional standard different
preprocessing steps, namely removing digits, punctuation, stop
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words, and lemmatization, in Multimedia Appendix 1. The basic
preprocessing strategy yielded the most consistently
high-performance scores on the validation set and was therefore
used for all analyses. After preprocessing, the mean length of
tweets in our labeled data set was 25 tokens, the 95th and 99th
percentile were 57 and 67 tokens, respectively (Figure S1 in
Multimedia Appendix 1). On the basis of this, we used 80 tokens
as the maximum sequence length for model input.

Classification Tasks
Task 1: 6 Main Categories
We trained our models to classify among categories with at
least 200 tweets to allow sufficient training data. From the
categories of interest, these were messages about (1) personal
experiences of coping, (2) personal experiences of suicidal
ideation and attempts, (3) suicide cases, (4) awareness, and (5)
prevention. We assigned all tweets from smaller categories
(suicidal and coping news, negative and coping experiences of
the bereaved, and lives saved) to the category suicide other,
which belongs to the larger category of irrelevant tweets. In
this task, we did not differentiate between irrelevant tweets that
were about suicide (suicide other) and off-topic tweets, which
used the word suicide in some other way. Instead, we subsumed
suicide other and off-topic tweets in the category (6) irrelevant.
Task 2: Detecting Content About Actual Suicide
This binary classification distinguishes tweets that are (1) about
actual suicide in the meaning of someone taking their own life,
from tweets that are (2) off-topic, that is, use the word suicide
in some other context. In our annotation schema, this task
therefore separates the off-topic category from all other
categories. The resulting label predictions allow to estimate the
total volume of tweets about actual suicide, thereby improving
the total volume estimates only based on keyword searches.

Machine Learning Models and Model Training
Train-, Validation-, and Test Set
Before training models, we divided the data set of 3202 tweets
into training (2049/3202, 63.99%), validation (512/3202,
15.99%), and test sets (641/3202, 20.02%), stratifying per tweet
category to have a similar distribution in all sets. The training
set was used for fitting the parameters of the classifier using
5-fold cross-validation. The validation set was used to tune the
hyperparameters (eg, learning rate) and evaluate the model
developed on the training data. After model training, we used
the test set only once per model to estimate its ability to
generalize to novel texts.
Majority Classifier
We used a naïve classifier that always predicts the majority
class as a baseline to compare the other models.
TF-IDF and SVM
TF-IDF represents the text of tweets using weighted word
frequencies (f), which reflect how important a term (t) is to a
document (d, here a tweet) in a corpus (all tweets). We slightly
adjust the original formula for TF-IDF by adding 1 in the
numerator and denominator, to ensure each word occurs at least
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once and prevent 0 division [40]: tf-idf (t,d) = tf (t,d) × log([N
+1]/[df + 1]).
The resulting value increases proportionally to the number of
times a word appears in the document and is offset by the
number of documents in the corpus that contain the word. This
helps to adjust the weight of uncommon words that are more
important for distinguishing different documents from each
other than words that occur in every single document. After
building the TF-IDF representation, we trained a SVM classifier
using all term values as features.
To identify the best TF-IDF representation and SVM classifier,
we ran a grid search across the following dimensions. For
TF-IDF, we (1) included only unigrams or unigrams+bigrams
and (2) reduced the text to its n top features ordered by term
frequency, where n ∈ {10,000; 25,000; 50,000}. For the SVM,
we tested different hyper-parameters, namely (1) regularization
parameter C ∈ {0, 1}, which determines the strength of the
regularization and (2) class weight cw ∈ {balanced, none},
which determines whether the weights of the classes are
automatically adjusted inversely proportional to class
frequencies. We further tested (3) a linear and a radial basis
function kernel and (4) decision function shapes one versus one
and one versus rest. Optimal results were achieved including
both unigrams and bigrams as text representation, 10,000 top
features, and an SVM with C=0.82 in task 1 and C=0.46 in task
2, cw=balanced, a linear kernel, L2 penalty, and a
one-versus-one decision function shape.
BERT Base
We used a transfer learning approach based on a pretrained
BERT-base-uncased model [41]. BERT is an autoencoding deep
contextual language representation model developed by Google
AI, which has 12 transformer layers, 12 self-attention heads,
and a hidden size of 768. It is designed to pretrain bidirectional
representations of word sequences, that is, it learns from both
the left-side and right-side context of a word in all of its layers.
BERT was pretrained with masked language modeling: a
percentage (approximately 15%) of words in the sentence is
randomly masked, and the model tries to predict the masked
words from the sequence of other words. BERT was further
trained to predict the next sentence from the previous sentence
in the data.
XLNet Base
A known limitation of BERT is that it neglects the dependence
between the different masked words in a sentence. When
predicting a word from a sequence that does not include the
other masked words, BERT lacks information about the
dependence between the masked words and the predicted word.
Unlike autoregressive models, BERT further predicts all masked
words simultaneously, and thus lacks some information about
the order of words. XLNet [42] has a similar architecture as that
of BERT but addresses these shortcomings through permutation
language modeling, predicting each word from all possible
permutations of other words in the sentence. It thereby improves
both on previous autoregressive models by using all words in
the sentence and on BERT by considering the order dependence
of words. In addition, it incorporates some techniques from
Transformers-XL [43], which also allows it to learn from the
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longer context before each word (relative positional encoding
and segment recurrence mechanism).
Fine-tuning of BERT and XLNet
We fine-tuned the pretrained BERT-base uncased model and
the XLNet-base model to our training data set as in the study
by Liu et al [16], added one dense output layer to reduce the
dimensions of the model’s last layer to the number of labels in
the classification task, and trained all the parameters
simultaneously. We ran a hyper-parameter search to determine
good learning rate (LR) candidates and subsequently tested each
LR by running 3 experiments with different seeds ∈ {1,2,3}.
We aimed to find the maximal LR associated with a still-falling
loss (before the loss diverging) by training for 5 epochs with
learning rates ∈ {2e-5, 3e-5, 5e-5}. The reported results for
BERT in Task 1 (6 classes) were the result of fine-tuning with
a LR=2e-5 for 7 epochs and seed=1. The results for task 2 (about
actual suicide) were based on a BERT model trained with a
LR=1e-5, 10 epochs, and seed=1. The reported results for XLNet
were based on model training with LR=2e-5, 8 epochs, and
seed=1 in both tasks.

Metrics for Comparing Machine Learning Models
We used various evaluation metrics to compare different
machine learning models. Accuracy indicates the percentage of
correct predictions (true positive and true negative). It is a global
metric calculated for all the classes in a data set. In data sets
with large class imbalances, it can be high even if it always
predicts only the majority class (eg, the irrelevant category in
task 1). In this case, the model may not have learned anything
despite its high accuracy. Precision indicates the proportion of
correct “positive” predictions out of all predictions; for example,
how many of all predicted coping tweets were actually labeled
as coping tweets by human raters. Recall indicates the proportion
of all “true” cases (eg, all actual coping tweets) that the model
detects. The F1-score is the harmonic mean between precision
and recall (F1 = 2 × [precision × recall]/[precision + recall]).
Precision, recall, and F1-scores were calculated for each category
and can be averaged across classes to produce a macroaverage.
For category-specific precision and recall, we provide 95%
binomial CIs calculated using the Clopper-Pearson method.
To compare models, we report macroaverages of model
performance scores for both the validation and test sets, that is,
we calculate the mean of the performance measures of each
class to have an aggregate measurement robust to class
imbalance. Although good scores on the training set indicate
that the model has learned patterns existing in the training set,
good scores on the test set additionally indicate an ability to
generalize to novel data.
For determining the model to make predictions for a follow-up
study (Niederkrotenthaler et al, unpublished data, May 2022;
see Multimedia Appendix 1 for details), we decided a priori
that we would prioritize precision over recall for task 1, which
aims to identify specific categories of tweets. The rationale
behind this is that our follow-up study focused on identifying
specific Twitter signals (ie, the percentage of coping tweets)
that are associated with suicide cases and helpline calls. In such
a situation, a false negative is less costly than a false positive,
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that is, missing a tweet is less costly than falsely including a
tweet in a certain category. Prioritizing precision ensures that
we only count a tweet when it belongs to a category with a high
probability. Furthermore, because of the large number of tweets,
the proportion assigned to each category should accurately
reflect the true proportion, even if not all the tweets are
recognized. In contrast, task 2 makes predictions that aim to
capture the entire discussion about actual suicides on Twitter.
When choosing the best model for task 2, we focused on the
F1-score. Here, we aimed to capture the total volume of tweets
about suicide as fully as possible, as well as at accurate
predictions at the tweet level. False positives are less critical as
a problem in task 2 than in task 1, because we look at total tweet
volume and do not try to distinguish between the specific effect
of a certain tweet category. This is best captured with the
F1-score, which balances recall and precision. In any case, none
of these a priori decisions had consequences for our results,
given that BERT and XLNet performed very similarly and much
better than the other models.

Evaluating Reliability and Face Validity of Model
Predictions for BERT
Comparing Model and Human Interrater Reliability
To compare the models’ reliability to human interrater reliability
on novel data, we made predictions using one of the best models
(BERT) for tweets from the full data set that were not part of
the labeled data set. We selected 150 tweets per predicted label
for each of the 5 relevant main categories. In all, 2 independent
human coders manually labeled these tweets until we reached
at least 80 tweets per main category. The final set of 750 labeled
tweets comprised the reliability data set.

Face Validity Check With the Predictions Data Set
For a face validity check and a follow-up study [30], we
estimated the daily volume of tweets per category that Twitter
users may have been exposed to between January 1, 2016, and
December 31, 2018. For this, we created a data set with the
same keywords and exclusion terms as the machine learning
data set but including retweets (to account for the full volume)
and for a shorter period of 3 years (determined by the follow-up
study [30]). This resulted in 7,150,610 tweets in English from
users in the United States. We used the machine learning model
BERT to predict the category labels for these tweets and
calculated the daily percentage of tweets per category. We refer
to this data set with model predictions for approximately 7
million tweets as the prediction data set. As a face validity
check, we plotted the time series of tweet volumes per category
and identified the events associated with the largest frequency
peaks. We investigated word frequencies on these days, read
the tweets containing the most frequent terms, and Googled
these terms plus the date, or the tweet in quotes, to find (news)
reports about the event. The follow-up study [30] investigated
the associations of these daily tweet volumes with suicide cases
and helpline calls in the United States. It has access to suicide
case data from the Centers for Disease Control and Prevention
and call data from the United States suicide prevention lifeline
for the years 2016 to 2018, which was the reason for estimating
tweet volumes for this period.
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labeled machine learning data set and those for comparing model
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and human performance and the face validity check are depicted
in Figure 2.

Figure 2. Overview of characteristics of data sets. Each box describes the purpose of the data set, further details on how it was used or created, and
the sample size. Only the predictions data set includes retweets, as it aims to capture the full volume of tweets posted on a given day. BERT: Bidirectional
Encoder Representations from Transformers.

Results
Frequency of Tweets per Category
Table 2 displays the proportion of tweets per main category in
our labeled data set and in 2 different samples used to estimate
the natural frequency of categories on Twitter. First, we used a
subsample of the labeled data set of 1000 randomly selected
tweets (ie, selected without keywords or model predictions, 996
after 4 labeling; see Creating the Annotation Scheme and

Labeled Data Set section) to estimate the frequency of original
tweets, without counting retweets. For the second estimate, we
used predictions by the best model (BERT) to label tweets in
the prediction data set, which included retweets. The 2 estimates
were similar for suicidal ideation and attempts and suicide cases.
The percentages per category in Table 2 demonstrate that we
managed to include proportionally more rare tweet categories,
such as coping and suicidal ideation stories in our training set.
Nevertheless, irrelevant tweets, particularly off-topic tweets,
still make up a majority of tweets in our data set.

Table 2. Distribution of tweets across categories for manual labels and model predictions.
Category label

Total labeled sample
(n=3202)

Subset of labeled
Estimated frequency in predictions data set (intweets, randomly select- cluding retweets; n=7.15 million), n (%)a
ed (n=1000)
Task 1

Task 2

Suicidal ideation and attempts, n (%)

284 (8.87)

63 (6.33)

367,135.56 (5.13)

5,471,499 (76.52)

Coping, n (%)

205 (6.4)

26 (2.71)

90,328.99 (1.26)

5,471,499 (76.52)

Awareness, n (%)

314 (9.81)

126 (12.54)

1,577,650 (22.06)

5,471,499 (76.52)

Prevention, n (%)

457 (14.27)

71 (7.13)

1,109,223.6 (15.51)

5,471,499 (76.52)

Suicide cases, n (%)

514 (16.05)

129 (12.95)

1,155,277.92 (16.16)

5,471,499, (76.52)

Irrelevant, n (%)

1428 (44.5)

581 (58.33)

2,850,994 (39.88)

5,471,499 (76.52)

News suicidal

68 (2.12)

20 (2.01)

2,850,994 (39.88)

5,471,499 (76.52)

News coping

27 (0.84)

5 (0.5)

2,850,994 (39.88)

5,471,499 (76.52)

Bereaved negative

34 (1.06)

7 (0.7)

2,850,994 (39.88)

5,471,499 (76.52)

Bereaved coping

34 (1.06)

5 (0.5)

2,850,994 (39.88)

5471499 (76.52)

Live saved

13 (0.41)

2 (0.2)

2,850,994 (39.88)

5,471,499 (76.52)

Suicide other

440 (13.74)

206 (20.68)

2,850,994 (39.88)

5,471,499 (76.52)

Off-topic

812 (25.36)

336 (33.73)

2,850,994 (39.88)

1,679,111 (23.48)

Subcategories of irrelevant, n (%)

a

For the predictions data set: Absolute values and percentages were weighted (ie, divided) by the model’s recall (proportion of all true cases the model
detects). Sample values (n) and percentage for the irrelevant category were calculated by subtracting the sum of all other categories from the total sample
size and 100, respectively. If several cells contain the same values, this is because they were subsumed to one higher-level category (irrelevant in task
1, about suicide in task 2) in the respective classification task.
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Model Performance
Task 1: 6 Main Categories
Performance scores averaged across all 6 tweet categories (Table
3) show that all deep learning models performed very similarly
and substantially better than the TF-IDF and SVM approaches.
However, TF-IDF and SVM were clearly better than a naïve
majority classifier. It reached scores from 0.61 to 0.66, which
were nearly identical on the validation and test sets. For BERT
and XLNet, all scores were at or above 0.70, and only 0.1 to
0.3 lower on the test than the validation set, indicating a good
ability to generalize to new tweets. The macroaverage
performance scores in all 5 runs for BERT and XLNet were
approximately 10% higher than the TF-IDF and SVM
macroaverages (Table S2 in Multimedia Appendix 1).
Given that the macroaverage performances were substantially
lower for the majority classifier, we focused on the 3 other
models for intraclass scores (Table 4 and Figure 3). To choose
a model for making predictions, we focused on F1-scores and
precision (see the section on evaluation metrics). F1-scores were
higher for BERT and XLNet than for TF-IDF and SVM for all
relevant categories, with clear differences for some categories
(suicidal, coping, and awareness) and very small differences
for others (suicide cases and prevention). For BERT and XLNet,
F1-scores were almost identical for all categories. BERT yielded

higher precision for coping and prevention tweets, 2 crucial
categories for a follow-up publication (Niederkrotenthaler et
al, unpublished data, May 2022; see Multimedia Appendix 1
for details). Therefore, we chose BERT as the model to make
predictions for further analyses. It should be noted here that CIs
are quite large because of the limited size of the test set per class
and entirely overlap for BERT and XLNet and somewhat
overlap for most categories with TF-IDF and SVM. Nonetheless,
the performance scores in the 5 runs of BERT and XLNet were
higher than those of TF-IDF and SVM in almost all cases for
all relevant categories (Table S3 in Multimedia Appendix 1).
Only in the case of precision for prevention tweets, TF-IDF and
SVM performed similarly well in 3 out of 5 runs.
Overall, BERT correctly classified 73% of the tweets in the test
set. F1-scores lay between 0.70 and 0.85 for the different
categories of interest (Table 4 and Figure 3), with the exception
of the suicidal ideation and attempt category, with an F1-score
of 0.51. More specifically, recall for suicidal ideation and
attempt was relatively low (0.45), indicating difficulties in
detecting all such tweets, whereas precision was higher, with
0.58. All performance scores were particularly good (>0.81)
for prevention tweets and high for tweets about suicide cases
(>0.75). For coping tweets, BERT achieved very high precision
(0.76) but lower recall (0.69), which resembles the pattern
observed for suicidal tweets. Performance scores for awareness
tweets were approximately 70%.

Table 3. Macroaveraged performance metrics and accuracy cross all 6 categories on the validation and test set.
Model

a

Validation set (n=513)

Test set (n=641)

Precision

Recall

F1

Accuracy

Precision

Recall

F1

Accuracy

Majority classifier

0.07

0.17

0.10

0.45

0.07

0.17

0.10

0.44

TF-IDFa and SVMb

0.61

0.63

0.62

0.66

0.61

0.65

0.62

0.66

BERTc,d

0.73

0.71

0.71

0.76

0.72

0.69

0.70

0.73

XLNetd

0.74

0.73

0.73

0.77

0.71

0.71

0.71

0.74

TF-IDF: term frequency-inverse document frequency.

b

SVM: support vector machine.

c

BERT: Bidirectional Encoder Representations from Transformers.

d

Given that the performance of both deep learning models with fixed seeds and parameters varied slightly from run to run owing to internal segmentation,
we ran these models 5 times. We report the average of all 5 runs in this section and include the metrics for each individual run in Table S2, in Multimedia
Appendix 1.
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Table 4. Intraclass performance metrics on the test set.
Category

BERTc,d

XLNetd

Precision (95% CI) Recall (95%
CI)

F1

Precision (95% CI) Recall (95%
CI)

F1

Precision (95% CI) Recall (95%
CI)

F1

0.32 (21.93-43.58) 0.44 (30.7457.64)

0.37

0.58 (43.25-73.66) 0.45 (32.3659.34)

0.51

0.60 (46.11-74.16) 0.54 (40.6667.64)

0.55

Coping (n=42) 0.44 (31.55-57.55) 0.64 (48.0378.45)

0.52

0.76 (59.76-88.56) 0.69 (52.9182.38)

0.72

0.71 (54.80-83.24) 0.74 (57.9686.14)

0.73

Awareness
(n=63)

0.65 (51.60-76.87) 0.62 (48.8073.85)

0.63

0.71 (58.05-81.80) 0.70 (56.9880.77)

0.70

0.69 (56.74-79.76) 0.74 (62.0684.73)

0.72

Prevention
(n=91)

0.83 (74.00-90.36) 0.82 (73.0289.60)

0.83

0.81 (71.93-88.16) 0.89 (80.7294.60)

0.85

0.82 (72.27-88.62) 0.87 (78.1093.00)

0.84

Suicide cases
(n=103)

0.70 (60.82-78.77) 0.74 (64.2081.96)

0.72

0.75 (65.14-82.49) 0.77 (67.3484.46)

0.76

0.78 (68.31-85.52) 0.75 (65.2482.80)

0.76

Irrelevant
(n=285)

0.74 (67.78-79.18) 0.63 (57.2768.77)

0.68

0.64 (57.76-69.11) 0.65 (59.0670.45)

0.64

0.68 (61.96-73.46) 0.64 (57.9969.44)

0.66

Suicidal
ideation
(n=57)

a

TF-IDFa and SVMb

TF-IDF: term frequency-inverse document frequency.

b

SVM: support vector machine.

c

BERT: Bidirectional Encoder Representations from Transformers.

d

Scores are averages across 5 model runs for BERT and XLNet. Table S3 in Multimedia Appendix 1 shows separate runs.
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Figure 3. Performance scores per category for Bidirectional Encoder Representations from Transformers (BERT) for the 6 main categories (A) and
for tweets about actual suicide versus off-topic tweets (B).

Task 2: About Actual Suicide
Best performances for separating tweets about actual suicide
from off-topic tweets (Table 5) were observed with BERT.
However, XLNet performances were very similar, with largely
overlapping CIs. With TF-IDF and SVM, recall for about suicide
tweets and precision for off-topic tweets were significantly
lower than the deep learning scores, whereas precision for about
suicide and recall for off-topic was not significantly different.
The model with overall highest scores, BERT, correctly labeled
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88.5% of tweets as about suicide versus off-topic, with very
similar scores on the validation and test sets. F1-scores for about
suicide versus off-topic tweets in the test set were 0.92 and 0.73,
respectively (Table 6). All metrics were at least 10% higher for
tweets about suicide than for the off-topic tweets. In particular,
recall was very high for tweets about suicide (94%), which
indicates that volume estimates for tweets related to suicide
would be quite complete. The precision for tweets about suicide
was 90%, indicating that positive predictions of the model were
very reliable.
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Table 5. Macroaveraged performance metrics and accuracy for task 2 (about suicide vs off-topic) on the validation and test sets.
Model

a

Validation set (n=513)

Test set (n=641)

Precision

Recall

F1

Accuracy

Precision

Recall

F1

Accuracy

Majority classifier

0.37

0.50

0.43

0.75

0.37

0.50

0.43

0.75

TF-IDFa and SVMb

0.74

0.77

0.75

0.80

0.75

0.77

0.76

0.81

BERTc

0.85

0.81

0.83

0.88

0.85

0.81

0.83

0.88

XLNet

0.84

0.78

0.81

0.87

0.83

0.80

0.81

0.87

TF-IDF: term frequency-inverse document frequency.

b

SVM: support vector machine.

c

BERT: Bidirectional Encoder Representations from Transformers.

Table 6. Intraclass performance metrics for deep learning models in task 2 (about suicide vs off-topic) on the test set.
Test set and model

a

About suicide (n=478)

Off-topic (n=163)

Precision (95% CI)

Recall (95% CI)

F1

Precision (95% CI)

Recall (95% CI)

F1

TF-IDFa and SVMb

0.89 (85.74-91.71)

0.85 (80.96-87.64)

0.87

0.60 (53.03-67.49)

0.69 (61.63-76.30)

0.65

BERTc,d

0.90 (87.42-92.81)

0.94 (91.64-96.07)

0.92

0.80 (71.62-85.67)

0.68 (60.35-75.17)

0.73

XLNetd

0.90 (87.12-92.59)

0.93 (90.68-95.38)

0.92

0.76 (68.60-83.06)

0.67 (59.72-74.60)

0.71

TF-IDF: term frequency-inverse document frequency.

b

SVM: support vector machine.

c

BERT: Bidirectional Encoder Representations from Transformers.

d

Scores are averages across 5 model runs for BERT and XLNet. Table S5 in Multimedia Appendix 1 shows separate runs.

Comparing Model and Human Interrater Reliability
Task 1: 6 Main Categories
The interrater reliability (Cohen κ) for the 6 main categories
was 0.70 (95% CI 0.67-0.74) between 2 human coders and 0.60
(95% CI 0.56-0.64) and 0.63 (95% CI 0.59-0.67) between each
human coder and the BERT model, respectively. The lower
agreement with BERT compared with between humans was
mainly driven by the irrelevant class. Excluding it from analysis
yielded κ=0.85 (95% CI 0.82-0.89) between human raters and
κ=0.81 (95% CI 0.77-0.85) and 0.80 (95% CI 0.76-0.84)
between BERT and each human rater. These overlapping CIs
indicate a nonsignificant difference and show that BERT
achieved near human-level accuracy for the relevant categories.
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Precision and recall comparisons between model and human
performance per tweet category are shown in Table S6 in
Multimedia Appendix 1, and the confusion matrix for coder 1
and BERT is shown in Figure 4. First, we report the metrics for
the model versus each coder, with the coder as the ground truth.
Second, we report the same metrics for coder 2 compared with
coder 1 as the ground truth. Model precision was clearly lower
than between-human precision for suicidal ideation and attempts
and awareness messages, more comparable for coping stories,
and very similar for prevention and suicide case tweets. Recall
is clearly higher between human raters for suicidal and coping
stories and similar for suicide cases. For awareness and
prevention tweets, the model actually achieves better recall than
human coders. Thus, the model seems quite good at detecting
awareness tweets but is not very precise in return.
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Figure 4. Confusion matrix of true and predicted labels in the reliability data set. (A) percentages and (B) count of tweets per true and predicted category.
The diagonal from bottom left to top right represents correct predictions. True labels are labels by coder 1, and predicted labels are by Bidirectional
Encoder Representations from Transformers (BERT).

Task 2: About Actual Suicide
When categorizing tweets as being about actual suicide versus
off-topic, human interrater reliability was κ=0.44 (95% CI
0.29-0.58) compared with κ=0.15 (95% CI −0.07 to 0.37) and
κ=0.21 (95% CI −0.01 to 0.44) between each coder and BERT.
These low κ coefficients were mainly driven by low
performances for the irrelevant off-topic category between both
human coders (coder 1-coder 2: precision=0.52, recall=0.44,
and F1=0.48), which were even lower when comparing human
to model labels (coder 1-BERT: precision=0.26, recall=0.13,
and F1=0.17; coder 2-BERT: precision=0.39, recall=0.16, and
F1=0.23). In contrast, the performance for the suicide category
was very high when comparing human labels (precision=0.96,
recall=0.97, and F1=0.96), as well as when comparing human
and model labels (coder 1-BERT: precision=0.94, recall=0.98,
and F1=0.96; coder 2-BERT: precision=0.94, recall=0.98, and
F1=0.96). This shows that the 2 coders and the model agreed
which tweets were about actual suicide and detected most tweets
that the other coder had labeled as about suicide. However, they
agreed less when judging whether a tweet was not about actual
suicide, hinting at the inherent difficulty of judging whether
something is serious, sarcastic, or metaphorical. In any case,
for future studies correlating tweets about suicide with behavior
in the population, only the about suicide category, which can
be reliably detected by humans and the machine learning model,
is relevant.

Error Analysis
Figure 4 shows the confusion matrix of the true and predicted
labels for BERT for the 6 main categories in the reliability data
set. Most misclassifications were predictions of the label
irrelevant. Such false negatives are less problematic than
misclassifications between relevant categories, as we prioritized
precision over recall. Among the relevant categories, there were
5 cases in which coder 1 and the model labeled >9 but a
maximum of 15% of tweets differently: (1 and 2) confusions
between coping and suicidal tweets in both directions, (3 and
https://www.jmir.org/2022/8/e34705
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4) confusions between awareness and prevention tweets in both
directions, and (5) tweets about suicide cases misclassified as
awareness tweets.
For the 13 “true” suicidal labels where coder 1 and the model
disagreed (12% of the 108 suicidal tweets), only 2 of the model
labels were clear errors, all other tweets were ambiguous. Coder
2 and the model agreed on the coping label for one-third of these
tweets (4/13, 31%), indicating the difficulty of clearly separating
personal stories about suicidal ideation and coping even for
humans. The model’s label more closely matched the category
definition than coder 1’s label in at least 5 of the 13 cases
(38.4%). Many of the ambiguous tweets described suicidal
ideation in the past, implicitly hinting that the suicidal phase
was over when the tweet was written. Out of 17
misclassifications of coder 1’s coping tweets (15% of the 110
coping tweets), coder 2 and the model agreed on the suicidal
label in 6 cases (35.2%), suggesting that many of these
misclassified tweets were ambiguous. Although 12 of these 17
(71%) misclassifications were actual model errors, most of them
were understandable, given that coping was described implicitly
by means of suicidal ideation in the past or that strong suicidal
ideation was expressed along with a way in which the person
deals with it.
Misclassifications of awareness as prevention tweets (7/79, 9%)
were errors by coder 1 rather than the model in 4 of 7 cases
(57%), indicating that model performances are higher for
awareness tweets as the scores in Table 3 suggest. In contrast,
when the model labeled prevention tweets as awareness, these
were mostly clear mistakes (only 3 out of 16, 19%, were
ambiguous errors by the coder). Finally, suicide cases mislabeled
as awareness were mostly actual errors by the model, but
ambiguous in 4 out of 17 cases (24%) and actually correct in 2
out of 17 cases (12%).
There was further a strong confusion between stories of suicidal
ideation and a particular type of irrelevant tweet: tweets
manually labeled as not serious or unclear if serious (dimension
3 in Multimedia Appendix 2). Of all tweets predicted to be
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personal stories of suicidal ideation or attempts, 10.8% (13/120)
were not serious or were unclear, compared with only 1%-4%
in the other predicted categories. Of all nonserious or unclear
tweets, 45% (18/40) were correctly classified as irrelevant, 32%
(13/40) were wrongly classified as suicidal compared with
3%-10% wrongly assigned to the other categories. The 13 (32%)
nonserious tweets that were misclassified as suicidal included
4 exaggerations, 2 sarcastic remarks, 2 tweets with song lyrics
or band names with the terms suicidal ideation or thoughts, 1
metaphoric use, and 2 statements about not being suicidal.

Face Validity Check With Daily Time Series Peaks per
Category
Figure 5 illustrates the daily percentage of tweets in each
predicted category in the prediction data set. As a face validity
check, we identified the events that were mainly associated with
each of the largest peaks in the time series of tweets per
predicted category. These events are labeled with the following
keywords in Figure 5: (1) Suicidal ideation and attempts:
rehabilitation—4000 retweets of a rather sarcastic tweet from
someone getting “punished” in rehabilitation because he said
“fucking lit” that another patient was about to commit suicide;
I am 21—a personal story retweeted 2200 times, describing
someone’s successful journey from a difficult childhood,
through a long suicidal crisis, to a University degree and a full
time job, falsely labeled as suicidal, as it describes not just a
suicidal crisis, but also coping; therapist—900 retweets of
someone reporting no suicidal thoughts as their therapist asked,
although they have them very frequently. (2) Coping: finding
strength—approximately 6000 retweets of a story of someone
finding strength 3 weeks after a suicide attempt; survived
attempt—a marine corps Veteran with posttraumatic stress
disorder tweets about his survived suicide attempt,
approximately 5000 retweets. (3) Awareness: sympathy—a
tweet saying people who died by suicide need care while still
alive, rather than sympathy when they are dead, retweeted 3500
times; men—7000 retweets of a tweet mentioning that suicide
is the largest cause of young men; feminists—6000 retweets of
a tweet saying that feminists who want equality should also
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consider that boys are double as likely to die from suicide than
girls; 30 years—retweets and discussion of a federal data
analysis results that suicide in the United States had risen to the
highest levels in nearly 30 years; same-sex marriage—many
tweets on research finding that suicide rates drop after
legalization of same-sex marriage. (4) Prevention:
Trump—increased calls to suicide hotline after Trump’s
election. (5) Suicide cases [44]: Aaron Hernandez (American
football player); Chester Bennington (singer of Linkin Park);
husband—retweets of tweet by a woman remembering her
husband’s suicide; Las Vegas—many retweets of a reply
correcting a tweet by Trump, by stating that the shooter killed
himself; girlfriend—many retweets of a tweet about a girlfriend
who killed herself; Fidel’s son—Fidel Castro Diaz-Balart;
NY—new year; WSPD—World Suicide Prevention Day; and
Xmas—Christmas.
For coping, prevention, and suicide case tweets, all highly
frequent tweets were correctly classified tweets. Both highly
shared coping tweets were from individuals who had survived
a suicide attempt. Prevention peaks were related to the yearly
World Suicide Prevention Day, to increased prevention efforts
around Christmas and the New Year, and to increased lifeline
calls after Trump’s election [45]. All the identified peaks of
tweets about suicide cases were related to actual instances of
someone taking their own life. For awareness tweets, all but
one peak were driven by actual awareness tweets. This single
tweet (labeled same-sex marriage in Figure 3) was ambiguous,
as it reported a research finding similar to a typical awareness
tweet, but the finding was somewhat prevention related. Most
awareness peaks were driven by tweets that cite a statistic about
suicides. Of the tweets driving the 3 largest peaks in the suicidal
category, only 1 was clearly suicidal ideation, another was a
somewhat cynical tweet about someone else wanting to commit
suicide, and a third was a clear confusion with an actual coping
tweet. Thus, this face validity check reflects the high precision
of the model for prevention, awareness, and coping tweets, as
well as the lower performance for suicidal ideation and attempt
tweets.
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Figure 5. Daily percent of tweets per predicted category in the predictions data set (n=7.15 million). The daily value subsumes original and retweets
per category. Key words for event peaks are explained in the main text.

Discussion
Overview of This Study
Owing to the effort required for manual annotation of texts,
previous research on media and suicide prevention was limited
by small sample sizes or by data sets put together using keyword
search. Keywords either capture only a particular type of text
(eg, containing celebrity names) or lump together a variety of
different texts that contain broad search terms (eg, “suicide”
[2,10-12]) In addition, research on the correlation of social
media content with suicide cases in the population remains
extremely scarce [9-13]. This study extends media research on
suicide prevention by focusing on a broad range of
suicide-related content on social media and by developing a
reliable and efficient content labeling method based on machine
learning, enabling fine-grained analysis of large data sets. We
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first developed a comprehensive annotation scheme for
suicide-related content that includes new content types more
typical on social than traditional media, such as personal stories
of coping or suicidal ideation, or calls for action addressed at
follower networks. On the basis of this systematic labeling
scheme, we then tested the ability of different machine learning
algorithms to distinguish 5 content types that seem particularly
relevant based on previous research [2,4,6,30]. We further
applied these methods to separate tweets about actual suicide,
that is, in the meaning of someone taking their own life, from
tweets that use the word suicide in some other way or context
(binary classification). Our results for these 2 classification
tasks show that machine learning methods, particularly deep
learning models, achieve performances comparable with both
human performance and with state-of-the-art methods in similar
tasks [24,46].
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This study is one of the first to automatically classify social
media data other than suicidal ideation into categories relevant
for suicide prevention. Only 3 studies, 2 (67%) of which used
the same data set, have previously applied machine learning to
distinguish specific types of social media posts other than
suicidal ideation [9,24,25]. We extend these studies in several
ways. Rather than classifying emotions in tweets about specific
celebrities [9] or using a relatively small set of 816 tweets put
together with a focus on suicidal ideation and celebrity names
[24,25], we trained models to categorize any type of tweets
containing suicide-related terms in a much larger data set than
in previous studies. Furthermore, our larger data set enabled us
to use deep learning models that can account for differences in
the meaning of words across contexts, rather than only
considering word frequencies. Finally, our annotation scheme
introduced
more
fine-grained
and
particularly
prevention-relevant categories. Specifically, it includes personal
coping stories, for which some research on traditional media
suggests preventive effects [4-6], and distinguishes awareness
from prevention-focused tweets [27].

Principal Findings
Regarding the machine learning results, pretrained deep learning
models fine-tuned to our data clearly outperformed a naïve
majority classifier and a linear SVM classifier based on the
word frequency representation TF-IDF. BERT and XLNet
achieved F1-scores of 0.70 and 0.71 in the 6-category
classification and 0.83 and 0.81 in the binary about suicide
versus off-topic classification in the test set. These scores were
only slightly lower or even identical to those in the validation
set, indicating good generalization to novel data. The clear
advantage of deep learning models over TF-IDF and SVM
suggests that there is crucial information about meaning in the
context of words beyond what mere word frequencies can
capture in tweets about suicide. Performance of the deep
learning models was better than the more traditional approaches,
but was very similar between BERT and XLNet. Advantages
of XLNet over BERT include its ability to learn from long
contexts and to consider dependencies between all words in the
sentence. It seems that these advantages cannot be fully
exploited given the limited number of words in tweets.
The 6 investigated tweet categories separated five important
categories, including personal stories about either (1) coping or
(2) suicidal ideation and attempts, calls for action that spread
(3) problem awareness or (4) prevention-related information
and (5) tweets about suicide cases, from other tweets (6)
irrelevant to this categorization. The performance scores per
category were nearly indistinguishable for BERT and XLNet.
The model that performed better depended on the metric and
the category and varied between model runs. BERT had slightly
higher precision than XLNet for 2 important categories for a
follow-up publication Niederkrotenthaler et al, unpublished
data, May 2022; see Multimedia Appendix 1 for details) and
was therefore chosen as the model to make predictions and test
reliability. Although our data set included a much broader set
of tweets than previous studies focusing on similar
prevention-related tweet categories [24,25], our machine
learning performances were comparable or better than in these
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previous studies, with the exception of the suicidal ideation
category.
In general, BERT and XLNet were better at classifying tweets
that are also easier to distinguish for humans, including more
homogeneous classes such as prevention and suicide cases.
These often included similar keywords, such as prevention,
hotline, lifeline, or the phrase “committed/commits suicide”
(see word clouds in Multimedia Appendix 1). For these
categories, BERT performance was very similar to the human
interrater performances. BERT and human performance were
also comparable for coping stories. The model’s performance
was lower only for more subjective classes such as suicidal
ideation and attempt stories. Error analysis suggests confusions
with sarcastic, joking, exaggerated, or metaphorical uses of the
word suicide as one part of the explanation. Such nonserious
messages are difficult to distinguish from genuine suicidal
ideation for both the model and humans. The gap between
human and model performance is the largest for suicidal tweets,
suggesting that this distinction is even more difficult for the
model. Both humans and the model missed many ambiguous
expressions of suicidal ideation (low recall). In contrast,
between-human precision is much higher than the model’s
precision. This shows that there are many suicidal ideation
tweets that humans can clearly identify, whereas model
reliability can still be improved for these types of tweets.
The analysis of the most common model errors demonstrates
that the mistakes were mostly not trivial. Most confusions of
suicidal and coping tweets by the model were tweets in which
the feelings of the tweet author were quite ambiguous. This
suggests that much higher performance scores are difficult to
achieve for these personal stories about suicide. Nonetheless,
for tweets about suicidal ideation in the past, which implicitly
express that coping occurred, there may be room for
improvement through adding more training examples.
Furthermore, the error analysis suggests possible improvements
for tweets regarding prevention and suicide cases. In contrast,
the model actually helped detect errors by the human coder for
awareness tweets labeled as prevention.
When distinguishing tweets about actual suicide from off-topic
tweets, the model achieved excellent performance scores,
particularly for tweets about actual suicide, with no difference
between the 2 deep learning models. In other words, tweets
labeled as “about suicide” are reliably actual tweets about
suicide, and most such tweets are detected by the models. Thus,
the use of any of these models for future research is very
promising.
Using the final BERT models for both classification tasks, we
estimated the percentage of tweets per category out of all
suicide-related tweets in the United States from 2016 to 2018.
Overall, approximately 6% were personal stories of concerned
individuals, with approximately 5% on suicidal ideation or
attempts and approximately 1% on coping stories. Estimates
for awareness, prevention, and suicide case tweets were
approximately 22%, 16%, and 16% of tweets, respectively. We
plotted the daily volume per tweet category and investigated
tweets during peaks in the time series. Most of these tweets
were correctly classified by our models, and peaks often
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coincided with events matching a particular category (eg, the
World Suicide Prevention Day or a celebrity suicide), which
highlights the face validity of our model predictions. Finally,
approximately three-fourths of all suicide-related tweets actually
referred to someone taking their own life, whereas the rest used
the term in another meaning or context (eg, euthanasia, suicide
bombers, jokes, metaphors, and exaggerations).

Limitations and Future Work
Despite our data set being more comprehensive than any existing
data set on the topic, one of the limitations of our study is the
size of the training data set, which is crucial for training deep
learning models. In particular, this concerns the rarer categories
that we have not yet used for machine learning in this study (eg,
bereaved experiences and lives saved). The data set could further
benefit from adding more examples of coping messages that
describe suicidal ideation and behavior in the past, thereby
implicitly indicating coping (see category definition in
Multimedia Appendix 2). Furthermore, some tweets in the
categories suicide other and off-topic might warrant to be
investigated separately, given recent findings of the possible
protective effects of flippant remarks and humor or negative
portrayals of suicide in the form of murder-suicides [11].
Similarly, the suicide case category may warrant being separated
into suicide news and condolence messages, which may have
protective effects [9], and tweets about suicide cases may
warrant filtering out those about celebrities [2]. Higher
classification performance for the category suicidal ideation in
the study by Burnap et al [24] showed that a focus on this
category during data collection could improve our model.
Finally, a number of limitations apply to automated text
analyses, such as machine learning. First, there are no traces of
images, videos, or content of the URLs shared in the text of
tweets, although this additional information can crucially affect
the meaning of a tweet. Second, some things are only implicitly
expressed or very subjective, and thus difficult to capture with
such methods, but also difficult to reliably recognize for humans.
For instance, it is difficult to clearly differentiate coping from
suffering, even for humans who have some knowledge about
how such experiences look like in the real world. It is even more
difficult to capture such subjective experiences using word
frequencies. Deep learning models such as BERT and XLNet,
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having been trained on huge amounts of text produced by
humans, may be able to capture some of these nuances but
require large amounts of training examples. Third, a machine
learning model can only recognize example tweets that are
sufficiently similar to the examples in the training set and only
predict the predefined categories. In contrast, a human coder
might recognize new ways of expressing the same meaning or
the need to introduce a new category. We partially addressed
the latter limitation through an extensive labeling process,
ensuring that we captured all typical message categories by
including a random set of tweets. Nonetheless, including more
and different examples for suicidal ideation and coping stories
in future studies would likely improve model performance.

Conclusions and Practical Implications
The field of media and suicide research has only recently begun
to evolve to consider social media content as relevant in the
assessment of media effects. This study makes 2 major
contributions to this field. First, it provides a systematic
overview of different content types that are common on social
media, which may be useful as a content labeling scheme for
future research on the topic. Some of the categories identified
have been found to be relevant to suicide prevention, particularly
in other media types. For social media content, these associations
with indicators of behavior, particularly suicidal behaviors and
help-seeking, remain to be tested accordingly. Second, the
machine learning methods enable researchers to assess large
amounts of social media data and subsequently correlate it with
available behavioral data of interest; for example, suicides or
help-seeking data. In this way, this work enables systematic
large-scale investigations of associations between these
behaviors and fine-grained message characteristics of social
media posts (eg, Niederkrotenthaler et al, unpublished data,
May 2022; see Multimedia Appendix 1 for details). Such
large-scale investigations will contribute to accumulating robust
evidence on which characteristics are actually harmful and
protective. Furthermore, future applications of the developed
models might include the screening of social media content to
detect other types of content associated with suicide cases that
have not been described in previous research. The classification
performances of the developed models demonstrate the strong
potential of machine learning, particularly deep learning, for
media suicide effects research.
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Abstract
Background: The COVID-19 pandemic caused a critical public health crisis worldwide, and policymakers are using lockdowns
to control the virus. However, there has been a noticeable increase in aggressive social behaviors that threaten social stability.
Lockdown measures might negatively affect mental health and lead to an increase in aggressive emotions. Discovering the
relationship between lockdown and increased aggression is crucial for formulating appropriate policies that address these adverse
societal effects. We applied natural language processing (NLP) technology to internet data, so as to investigate the social and
emotional impacts of lockdowns.
Objective: This research aimed to understand the relationship between lockdown and increased aggression using NLP technology
to analyze the following 3 kinds of aggressive emotions: anger, offensive language, and hate speech, in spatiotemporal ranges of
tweets in the United States.
Methods: We conducted a longitudinal internet study of 11,455 Twitter users by analyzing aggressive emotions in 1,281,362
tweets they posted from 2019 to 2020. We selected 3 common aggressive emotions (anger, offensive language, and hate speech)
on the internet as the subject of analysis. To detect the emotions in the tweets, we trained a Bidirectional Encoder Representations
from Transformers (BERT) model to analyze the percentage of aggressive tweets in every state and every week. Then, we used
the difference-in-differences estimation to measure the impact of lockdown status on increasing aggressive tweets. Since most
other independent factors that might affect the results, such as seasonal and regional factors, have been ruled out by time and
state fixed effects, a significant result in this difference-in-differences analysis can not only indicate a concrete positive correlation
but also point to a causal relationship.
Results: In the first 6 months of lockdown in 2020, aggression levels in all users increased compared to the same period in
2019. Notably, users under lockdown demonstrated greater levels of aggression than those not under lockdown. Our
difference-in-differences estimation discovered a statistically significant positive correlation between lockdown and increased
aggression (anger: P=.002, offensive language: P<.001, hate speech: P=.005). It can be inferred from such results that there exist
causal relations.
Conclusions: Understanding the relationship between lockdown and aggression can help policymakers address the personal
and societal impacts of lockdown. Applying NLP technology and using big data on social media can provide crucial and timely
information for this effort.
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Introduction
Background
On March 13, 2020, the United States declared a state of
emergency in response to the COVID-19 pandemic. Many states
imposed lockdown measures to slow down the spread of the
virus. However, lockdown (stay-at-home) policies affect many
aspects of human life. The frustration and loneliness people
experience under extended periods of confinement may
predictably have negative psychological impacts [1-3].
Furthermore, frustration can manifest itself through increased
aggressiveness [4]. In a time when people live closely beside
intimate family members, emotional problems, such as suicidal
thoughts and aggressiveness, may lead to destructive behaviors
and have an immediate impact on society [5,6]. Whether
scientific investigations corroborate such observations can have
significant policy implications for public or private governance.
Unsurprisingly, the relationship between lockdown and adverse
psychological effects has attracted increasing attention from
multiple disciplines of researchers. However, there have been
few robust tests of the causal relationship between lockdown
and aggressive emotions. This research used machine learning
to produce robust data. Then, we used a statistical
difference-in-differences analysis to estimate the causal
relationship between lockdown and increased online aggression.
The application of machine learning technologies in social
science research can provide new information in a much broader
scope at a much higher speed.

Related Works
Negative Impacts of Lockdown
At the individual level, studies have shown that lockdown is
associated with suicidal ideation, anxiety disorder, nightmares,
depression, loneliness, and poor mental health [7-12]. At the
societal level, a lockdown’s adverse effects are manifested
through significant increases in divorces, sexual violence [13],
and domestic violence [14]. All these effects pose considerable
threats to the stability and well-being of individuals and society.
Therefore, it is an urgent task to understand these harmful
actions under COVID-19 lockdowns.
Other research in psychology has focused on the deterioration
of mental health before and under lockdown [7]. The authors
observed an increase in certain health behaviors 1 month into
lockdown by comparing prelockdown and postlockdown survey
data. However, the authors did not analyze the causal
relationship between lockdown and these behaviors.
Emotion is one of the main drivers of human action. It is
reasonable that a more aggressive state of mind leads to
aggressive behaviors like domestic and sexual violence. The
influential frustration-aggression theory [15] suggests that
aggressive behavior results from frustration caused by thwarting
https://www.jmir.org/2022/8/e38776
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individual goals. In the early months of the pandemic, lockdown
led to many canceled plans and unaccomplished goals.
Therefore, a causal relationship between lockdown and increased
aggression is reasonable.
Notably, a study investigated the correlation between lockdown
and increased aggression [2]. Killgore et al conducted a
questionnaire survey [2]. They used the Buss Perry Aggression
Questionnaire to measure aggression levels in patients under
and not under lockdown during the initial months of the
pandemic in the United States. They found a statistically
significant increase in the following 4 kinds of aggression
between lockdown and nonlockdown groups: physical
aggression, verbal aggression, anger, and hostility. However,
owing to limitations in traditional questionnaire methods, such
as the lack of data before the pandemic, this research could not
assess the causal relationship between lockdown and increased
aggression. Furthermore, because of practical limitations in
survey administration, the authors had to survey different
participants in every sampling, which provides an additional
source of uncertainty.

COVID-19 Twitter Sentiment Analysis
Online analysis of tweets using natural language processing
(NLP) has provided valuable information in health-related
research. General sentiment analysis has been performed to
examine people’s emotions under lockdown [16,17].
Some are related to specific topics, such as vaccination [18-20],
while others are related to specific regions or countries [21].
However, most studies did not analyze the relationship between
lockdown and emotions to the best of our knowledge. Su et al
[22] analyzed the psycholinguistic features in 2 different cities
going into lockdown. While this can capture specific rising
trends in tweet words, the lexicon frequency analysis method
does not capture each word’s context. Thus, it cannot predict
emotions as accurately as neural network models [23].

Our Study
This paper addresses the weaknesses of the current psychology
and NLP research. Most of the recent literature in psychology
has not offered meaningful evidence to the causality between
lockdown and aggressive emotions. On the other hand, current
NLP research in sentiment analysis mainly focuses on
optimizing methods for machines to capture emotions in vast
volumes of digitalized human discourse. However, the current
body of NLP literature in the public health area rarely probes
into causal relations of social phenomena.
We used new NLP technology to conduct a virtual longitudinal
study of online Twitter users and their tweets to investigate the
impacts of lockdowns on the following 3 kinds of aggression:
anger, offensive language (offensive), and hate speech (hate).
Our infoveillance method allows us to discover trends in
aggression levels that can provide important information for
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policy makers and health professionals. Moreover, data before
and after lockdown allows us to estimate the potential causal
relationship between lockdown and increased aggression using
the difference-in-differences analysis, an established
econometric method to understand the causal relationship in
nonexperimental time-series data [24]. This interdisciplinary
method yields robust results in understanding the relationship
between lockdown and increased aggression, and it opens up
new potentials for applying NLP and internet technology to
support medical research.

Methods
Overview
First, we sampled a group of Twitter users across the United
States as our subjects of analysis. Then, we used Twitter’s
application programming interface to obtain all the tweets the
sampled users posted between January 1, 2019, and October 1,
2020. Our objective was to use a neural network model to detect
different levels of aggressive emotions during different periods
in these tweets. We selected the Bidirectional Encoder
Representations from Transformers (BERT) model, a
state-of-the-art language model that can understand the meanings
of emotions through contexts and nuances better than previous
lexicon-based models [23,25]. To train the BERT model for
emotion detection, we collected training data based on
established data sets [26-28]. Afterward, we classified the tweet
emotions using our trained BERT model. We conducted an
observational analysis to compare and contrast aggression levels
between different geographies, lockdown statuses, and times.
After observing an increase in aggression after lockdown, we
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measured the relationship between lockdown status and
aggression levels using the Poisson regression as a
difference-in-differences estimation.

Twitter Data Sampling
In the United States, states retain the power to implement
lockdown policies. Therefore, this research used the state
lockdown status to determine whether an individual user was
under lockdown at a particular time. We randomly sampled
Twitter users geographically tagged with the states in the United
States as our longitudinal internet study participants. After
sampling the users, we sampled every tweet they posted in 2019
and the first 6 months after President Trump declared a national
emergency in March 2020. Our sampling yielded a
spatiotemporal data set of 1,281,362 tweets posted from January
1, 2019, to October 1, 2020, by 11,455 Twitter users. The
sampled users came from all across the United States, including
users from all 50 states. In this study, we used these tweets to
investigate the relationship between lockdown and social media
aggressiveness. All tweets followed a data preprocessing
protocol [29] before being analyzed by the BERT model for
emotion detection.

Training Data Collection
In order to detect aggressive emotions in the tweets, we trained
a BERT neural network binary classification model for each of
the 3 aggressive emotions. For each model, we collected
different training data sets. Our definition of each emotion is
identical to that of the training data set. Table 1 contains the
definitions for the 3 aggressive emotions, with Table 2 providing
sample text for each.

Table 1. Definition for each emotion.
Aggressive emotion

Definition

Anger

A strong feeling of displeasure or antagonism [26]

Offensive language

Speech that contains unacceptable language (profanity) and is potentially harmful to a disadvantaged group [27]

Hate speech

Language that expresses hatred toward a targeted group and is intended to be derogatory, insulting, and humiliating [27,28]

Table 2. Sample text containing each aggressive emotion.
Aggressive emotion

Sample text

Anger

I hope this all ends soon. This is hell

Offensive language

Are people really this stupid?

Hate speech

@user The rot starts from the top......Trumps wankers are all racist......F*ck them all!

Anger
We selected the GoEmotions data set to train the anger
classification model [26]. It is one of the largest manually
annotated data sets of 58,000 English Reddit comments. In the
data set, each sentence is annotated to identify the presence of
28 relatively common emotions. To train the BERT model for
binary classification, we selected the 6000 sentences that contain
anger and a random sample of 6000 other sentences that do not
contain anger. We selected 1000 other annotated comments for
testing. Based on GoEmotions, anger is defined as “A strong
feeling of displeasure or antagonism.”
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Offensive Language
Offensive language is speech that contains unacceptable
language (profanity) and is potentially harmful to a
disadvantaged group. We selected the “Automated Hate Speech
Detection and the Problem of Offensive Language” (AHSD)
[27] data set as our training data set, which contains 24,802
human-labeled tweets. We randomly sampled 7750 sentences
for training and 613 for testing. The study distinguishes hate
speech with real harmful intentions from general offensive
lexicons. For example, many teenagers often use terms like f*ck
and b*tch in a casual manner that does not intend harm. AHSD
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38776 | p.583
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provides annotated data for offensive language and more
harmful hate speech.

Hate Speech
Unlike general offensive language, hate speech is a more
specific language that causes intentional harm. To train our hate
model, we merged the AHSD data set, as mentioned earlier,
with the Large Scale Crowd Sourcing [28] data set, which
provides an additional 2067 tweets labeled hateful by humans.
We randomly sampled 6450 sentences for training and 639 for
testing. Both of these data sets identify hate speech as the
language that expresses hatred toward a targeted group and is
intended to be derogatory, insulting, and humiliating. This
definition has been widely used in previous research [30-32].

Model Training
We used the BERT model [29] to identify emotions in tweets.
This pretrained neural network model is one of the most
powerful models in emotion understanding. With its abundant
pretraining data from the entire English Wikipedia, the model
already had a basic understanding of the English language before
we conducted the final fine-tuning. The model’s contextual
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embedding allows it to understand words regarding context,
taking its language understanding ability beyond traditional
lexicon analysis. Our model architecture is constructed under
python modules pytorch 1.8.1 and transformer 4.11.0. Using
the training data, we obtained great performing models for all
3 of our target emotions (specific statistics are shown below).

Model Evaluation
We first tested our model predictions on the testing set (train-test
split). The results are shown in Table 3, along with the confusion
matrices in Figure 1. Then, we tested our model on the sampled
Twitter data set used for further analysis. To evaluate the model
performance on our self-sampled Twitter data, we selected 1080
tweets, 540 from people under lockdown and 540 from people
not under lockdown, with 5-6 tweets randomly selected from
each week. Then, 2 native English speakers annotated the tweets
based on the definition for each emotion above. The Cohen
kappa values between annotators and our model’s performance
are reported in Tables 4 and 5, respectively. Through this, we
can validate our model competence on Twitter data used in
further down-stream analysis.

Table 3. Model performance on the testing set.
Model

Precision

Recall

F1

Anger

0.869

0.826

0.847

Offensive language

0.953

0.988

0.970

Hate speech

0.956

0.920

0.933
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Figure 1. Confusion matrices for our models: anger (A), offensive (B), and hate (C). The bottom-right and top-left quadrants are where the models
predicted correctly, which represent true negatives and true positives, respectively. A darker quadrant color indicates greater prediction.

Table 4. Cohen kappa interrater agreement between the raters.
Emotion

Kappa

Anger

0.928

Offensive language

0.937

Hate speech

0.890

Table 5. Model performance on the sampled Twitter data set.
Model

Precision

Recall

F1

Anger

0.795

0.888

0.839

Offensive language

0.843

0.922

0.880

Hate speech

0.810

0.872

0.839

Overview

the aggressive emotion for the 92 weeks from January 2019 to
October 2020. This analysis resulted in 3 data sets with 4600
data points each.

To understand aggression levels in tweets, we measured the
proportion of tweets that contain aggression among all randomly
sampled tweets. First, we used separate BERT models for each
aggressive emotion (ie, anger, offensive, and hate) to analyze
our sampled Twitter data. The analysis resulted in 3 data sets,
one for each aggressive emotion. In each data set, for each of
the 50 states, we calculated the percentage of tweets containing

Although our data consist of aggressive tweet counts in different
spatiotemporal settings, we analyzed the proportion of
aggressive tweets among total tweets, rather than the count of
aggressive tweets, to investigate the aggression level on Twitter.
This is because an increase in aggressive tweet counts may be
due to an increase in total tweets posted, which does not
necessarily indicate a higher level of aggression. Measuring the

Data Analysis Methods
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proportion of aggressive tweets more accurately depicts the
aggression level on Twitter.
Over 3 stages of observation and analysis, we looked at the data
from different perspectives. In the first part, we compared
aggression levels between groups of different lockdown statuses
in the first 6 months of the pandemic. After that, we focused on
the states that had undergone lockdown, and we looked at their
aggression levels before and after lockdown. Finally, we used
difference-in-differences analysis to estimate the impact of
lockdown on the increase of aggression.

Observing the Difference in Aggression Levels Between
Groups Under and Not Under Lockdown
To understand the impact of lockdown on aggressive emotions,
we investigated the aggressive tweet proportions for each
specific time and location, and compared the proportions in
people under and not under lockdown. For that purpose, we
designed our first objective. For each week in the 92 weeks
from January 1, 2019, to October 1, 2020, we separated states
under lockdown from those not under lockdown into 2 groups.
Then, we separately aggregated the number of aggressive tweets
and total tweets. We calculated the aggressive tweet percentage
for each of the 2 groups every week for 92 weeks based on the
combined data. Note that the users in each state represented the
patients under lockdown and not under lockdown based on the
state’s current lockdown status.

Observing Aggression Trends in States That Had
Undergone Lockdown From the Weeks Before and After
Lockdown
In the previous section, we observed and compared aggressive
emotions between groups under and not under lockdown. In
this section, we focused on understanding the trends in states
that had undergone lockdown. More specifically, we looked at
the increase in aggression after lockdown by comparing data
before and after lockdown. We chronologically aligned the data
in each lockdown state based on the initial week of lockdown.
More specifically, for every state that had ever undergone
lockdown, the week that lockdown started was denoted as week
0. Other weeks were numbered accordingly (ie, the first week
after week 0 was week 1, the week before week 0 was week
−1, and so forth). Using this method, we visualized the increase
in aggression after the lockdown. Note that this was solely an
observation of aggression trends before and after lockdown. It
did not measure the net impact of lockdown status on aggression
levels. To specifically measure the impact and investigate the
causal relationship, we applied the difference-in-differences
estimation in the next section to quantify the difference in
aggression levels between the lockdown and nonlockdown
groups in a statistical manner.

Difference in Differences Using Poisson Regression
The traditional way to investigate a causal relationship is an
experiment conducted on randomly assigned subjects, in which
participants are randomly separated into 2 groups. One group
receives treatment, and the other does not. However, in many
cases, including ours, an experiment is not viable owing to
practical or ethical reasons. For example, we cannot randomly
assign people and put them under lockdown for an extended
https://www.jmir.org/2022/8/e38776
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time. Some social scientific researchers use multivariate
regression to solve this problem, when the independent variable
of interest, X, and other correlated variables, Z1, …, Zk, act
together to determine the outcome, Y. Although this method
can control for the effect of the selected Z variables, some other
potentially relevant variables might be lacking in data or difficult
to identify, leaving a possibility that important variables are not
considered. To address this problem, scientists have used the
difference-in-differences method.
As Callaway and Sant’Anna indicated, “Difference in
differences (DID) has become one of the most popular research
designs used to evaluate causal effects in policy interventions”
[33]. Difference in differences compares the difference between
the treatment group and the control group at a particular time
(T1) with that between them at another time (T2), with the 2
times separated by a particular intervention. This method
compares the difference at T1 (DT1) with the difference at T2
(DT2) and measures whether the difference between DT1 and
DT2 (difference in differences) has causal relations with the
intervention. In short, difference in differences measures whether
the intervention causally impacts the difference between DT1
and DT2 [34]. In this research, the treatment group refers to those
Twitter users under lockdown, and the control group refers to
those not under lockdown. The intervention is lockdown. Our
objective was to compare the difference in the level of
aggression between these 2 groups (DT2) with that between the
2 groups before lockdown (DT1) and measure whether the
difference between DT1 and DT2 is causally related to lockdown.
To implement the difference-in-differences estimation in
time-series data, we use fixed effect models. Fixed effect models
address unseen variables by controlling for the average in each
geographic and temporal data group (data group, in short). The
average in each data group is constituted by many factors,
including those Z variables that we may or may not know. In
other words, the effects of the Z variables we need to control
are captured in the average of each data group. By subtracting
the average from the outcome in each data group, fixed effect
models control for the influence of miscellaneous Z variables
and measure the net increase in the Y variable to which the X
variable contributes. Taking “fixed effect of the states” as an
example, the difference in aggression levels caused by different
political tendencies and racial compositions was captured in the
average aggression level in each state. After subtracting the
average, we now measured how aggression levels increased
with respect to each state’s norm. Models with fixed effects
used in this research “come closer than does ordinary regression
analysis to achieving unbiased estimates of causal effect” [35].
To implement the fixed effect model above, we needed to add
the fixed effects to a regression model best suited for our data.
Because our original observation was the number of aggressive
tweets posted in a specific spatiotemporal setting, our data
represented a type of count data. Therefore, we selected the
classic Poisson model for count data with fixed effects [36].
The following equation was initially used:
ln(Aggressive Tweet Counts,t) = α0 + α1under
lockdown + μstate + σtime + ε (1)
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38776 | p.586
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In this case, Aggressive Tweet Counts,t is the number of
aggressive tweets in a specific state (s) under a specific time
(t). α0 is the constant in standard regression models. Variable
α1 signifies the treatment effect of under lockdown on the
aggressive tweet count. Under lockdown is a binary variable
(the explanatory variable in this experiment) that has a value of
0 for not under lockdown and 1 for under lockdown. The model
also included state and time fixed effects as follows: μstate and
σtime. These 2 variables do not have a specific range but rather
represent the average of their corresponding groups of data (eg,
data in a state or in a specific week). ε is the error term included
in all statistical regressions.
As aforementioned, however, an increase in aggressive tweet
counts may be due to an increase in the total tweets posted,
which does not necessarily indicate a higher level of aggression.
Measuring the proportion of aggressive tweets more accurately
depicts the aggression level on Twitter. Therefore, to measure
the proportion of aggressive tweets using this count-based
model, we exposed the estimation to the total number of tweets
by adding the term ln(Total), with the coefficient fixed to 1, to
the equation. This action is designed for situations like ours and
is supported by the exposure() option in Stata 17 software [37].
More specifically, our equation was now as follows:
ln(Aggressive Tweet Counts,t) = α0 + α1under
lockdown + μstate + σtime + ε + ln(Totals,t) (2)
To understand the mechanism of how adding ln(Totals,t) allows
us to estimate the proportion rather than the count, we can look
at the equation in the following way: when we subtract
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ln(Totals,t) on both sides of the equation, the estimation is
equivalent to modeling the proportion of aggressive tweets. The
equation is as follows:
ln(Aggressive Tweet Counts,t / Totals,t) = α0 + α1under
lockdown + μstate + σtime + ε (3)
Our model comes closer to capturing the unbiased causal effect
of the independent variable of interest on the dependent variable
in observational data [35]. Since most other independent factors
that might affect the result, such as seasonal and regional factors,
have been absorbed by time and state fixed effects, a significant
result in this difference-in-differences analysis can not only
indicate a concrete positive correlation but also strongly suggest
a causal relationship. All analyses were conducted using Stata
BE Edition 17.0 (StataCorp).

Results
Observing the Difference in Aggression Levels Between
Groups Under and Not Under Lockdown
This analysis compared aggression levels between states under
and not under lockdown. The United States declared a state of
emergency on March 13, 2020. Among 42 states that had ever
imposed lockdown, 40 started lockdown in the 2 weeks between
March 20 and April 4, 2020. Figure 2 shows data from April to
October 2020, when the pandemic was getting severe in the
United States and some states began lockdown. It illustrates the
weekly difference in aggression levels between groups under
and not under lockdown. Figure 3 zooms out the timeframe to
include data from 2019, putting data under the pandemic into
a broader perspective.
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Figure 2. Weekly aggressive tweet percentages since April 1, 2020, for all 3 aggressive emotions: anger (A), offensive (B), and hate (C). States under
lockdown (magenta) and not under lockdown (cyan) are indicated.
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Figure 3. Weekly aggressive tweet percentages since January 1, 2019, for all 3 aggressive emotions: anger (A), offensive (B), and hate (C). States
under lockdown (magenta), states not under lockdown (cyan), and data before any lockdown started (yellow) are indicated.

Anger
In terms of the intense feeling of displeasure or antagonism,
there was a sudden increase in tweet count in May 2020,
particularly evident in those under lockdown. In the first 9 weeks
since April, average anger levels were 2%-3% higher in the
group under lockdown than in the other group. Figure 3 shows
that the percentage of angry tweets fluctuated around 20% in
2019. Coming into May 2020, the percentage rose to as high as
34%. In the summer of 2020, anger levels decreased, and the 2
groups demonstrated similar angry tweet percentages.

Offensive Language
For unacceptable language that can potentially harm a
disadvantaged group, tweet proportions increased sharply for
7 weeks since April 2020 (Figure 2). Offensive levels fluctuated
around 6% in 2019 (Figure 3). In the 7th week, offensive tweet
percentages in under and not under lockdown groups surged to
12.2% and 9.8%, respectively. Afterward, the numbers started
to gradually decrease. Although similar trends were seen in both
the under and not under lockdown groups, the tweet percentages
under lockdown were consistently 2%-3% higher than the values
in the other group.

the peak in the 8th week from April 1, 2020 (Figure 2). Hate
speech percentages surged from around 3% when the pandemic
started to 8% and 6% for people under and not under lockdown.
Percentages decreased in the summer of 2020, gradually
stabilizing in the months thereafter. Similar to trends in offensive
language, hate tweet percentages were considerably greater than
the values in 2019 after the decrease (Figure 3). After the initial
surge, hate speech percentages under lockdown were 1%-2%
higher than the values in the other group.
Aggression levels surged in all 3 kinds of aggressive emotions,
reaching the peak around 6-8 weeks from April 1, 2020 (Figure
2). People under lockdown demonstrated a more aggressive
tendency throughout the process than those not under lockdown.
People who were not under lockdown experienced similar trends
to those under lockdown, but to a less drastic degree. After the
initial peak of increased aggression, all 3 kinds of emotional
tweet percentages decreased to a relatively stable plateau. This
stabilization might suggest that people are gradually getting
used to the situation, and emotions are relatively eased compared
with the sudden displeasure in the early days of lockdown.
Despite the temporary decrease, aggressive tweet percentages
were considerably higher than the values in 2019 (Figure 3).

Hate Speech
For derogatory, humiliating, and insulting speech intended to
express hatred to a targeted group, tweet proportions reached
https://www.jmir.org/2022/8/e38776
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Observing Aggression Trends From the Weeks Before
and After Lockdown
We selected states that had undergone lockdown and compared
their aggression levels before and after lockdown. We visualized
the increasing trends of aggression after lockdown. Figure 4
shows the weekly changes in tweets containing the target
emotions. In all 3 kinds of aggressive emotions, there was a
visible surge in tweet percentage within 10 weeks after
lockdown. The table below shows the average weekly tweet
percentages (60 weeks before lockdown and 22 weeks after
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lockdown). In all 3 emotions, the percentage rose after lockdown
(anger, 18.51% to 23.77%; offensive, 5.80% to 8.79%; hate,
2.97% to 4.85%). These descriptive data give us a basic grasp
of the potential connection between lockdown and increased
aggression. Note that this part does not conclude the increase
is totally caused by lockdown but rather shows the general trends
of aggression before and after lockdown that might be caused
by multiple factors. In the next part, we conducted a
difference-in-differences analysis to precisely estimate the net
impact of lockdown on the increase of aggression.

Figure 4. Aggressive tweet percentages for anger (A), offensive (B), and hate (C) before and after lockdown. The vertical red line at week 0 denotes
the start of lockdown. Note that because states might have started lockdown at different times, week 0 can differ in different states. Nevertheless, states
generally started their lockdown between March 20, 2020, and April 4, 2020.

Difference in Differences Using Poisson Regression
In this section, we conducted a difference-in-differences analysis
using a Poisson regression model. Lockdown was associated
with an increase in aggressive tweet proportions for all 3 kinds
of aggressive emotions. In a log-linear model, the original
coefficient, α1, between X and Y denotes the increase of ln(Y)
for every unit increase of X, which is difficult to interpret due
to the presence of logarithm. The incidence rate ratio (IRR) is
the exponentiated coefficient of the independent variable of
interest, eα1, that demonstrates the increase of Y for every unit
increase of X. For all 3 aggressive emotions, the IRR between
the aggressive tweet proportion and lockdown status was greater
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than 1 (anger, 1.049; offensive, 1.168; hate, 1.114), indicating
that after the initial lockdown, there were on average 4.9%,
16.8%, and 11.4% increases in emotional tweets for anger,
offensive, and hate, respectively. All 3 of the results
demonstrated high statistical significance (anger: P=.002,
offensive: P<.001, hate: P=.005). Difference-in-differences
results are shown in Table 6. Under the control of state and time
fixed effects, most possible factors that can lead to
misinterpretation were nullified. Therefore, we could measure
the net impact of lockdown status on aggression levels. Our
estimation strongly suggested a causal relationship between
lockdown and increased aggression in all 3 categories of
aggressive emotions.
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Table 6. Results of Poisson regression for emotional tweet proportion and lockdown status.

a

Lockdown status

Incidence rate ratio

Standard error

z

P value

95% CI

Under lockdown (anger)

1.049745

0.0163949

3.11

.002

1.018099-1.082375

Under lockdown (offensive)

1.168261

0.0319202

5.69

<.001a

1.107345-1.232529

Under lockdown (hate)

1.114432

0.0432653

2.79

.005

1.032780-1.202541

STATA regression yielded P=.000.

Discussion
Principal Findings
Infoveillance Study on Aggressive Emotions Under
Lockdown
Understanding the trends of aggressive emotions is the first step
to understanding various social problems associated with
aggressive behaviors during the pandemic. Inspired by the
questionnaire study by Killgore et al [2], we used NLP as an
infoveillance method to observe the trends of online aggression
in the first few months of the pandemic. We hope this method
can support traditional psychology surveys by utilizing computer
technology to provide a more efficient way of understanding
crowd emotions.
By using statewide lockdown status to analyze tweets, we can
capture the peaks and valleys of aggression levels throughout
a prolonged time period. We can also identify the difference in
aggression levels between groups with different lockdown
statuses. There were a few particularly noticeable peaks in
aggression levels in the observed timeframe. These aberrations
might be able to explain the effects of various social events on
public sentiment. From the start of April 2020, when most states
imposed lockdown, to the second half of May in the same year,
aggression levels rose by a magnitude not found in 2019, with
people under lockdown demonstrating a more acute rise than
others. As the nationwide deaths from COVID-19 skyrocketed
from below 100 per day in late March to over 2000 in mid-April,
emotions and lifestyles were impacted unprecedentedly. Through
lockdowns, death tolls steadily decreased in the next few
months, reaching a lower equilibrium in June. The peaks of all
3 kinds of aggressive emotions were observed in the most severe
month of the nationwide pandemic when states were
experiencing high death tolls and civil unrest.
After a roughly 2-month period of lockdown, aggression levels
reduced. This drop might be due to pandemic fatigue, making
people feel less stressed and demonstrating less aggression [38].
According to a report by the World Health Organization, “At
the beginning of a crisis, most people are able to tap into their
surge capacity – a collection of mental and physical adaptive
systems that humans draw on for short-term survival in acutely
stressful situations. However, when dire circumstances drag on,
they have to adopt a different style of coping, and fatigue and
demotivation may be the result” [39]. Despite the decrease,
those under lockdown still demonstrated a higher aggression
level than those not under lockdown.

different characteristics that reveal the uniqueness of each
emotion. Anger was the most common emotion among the 3
emotions. After the initial peak, the aggression lines between
groups of different lockdown statuses intertwined in the next
few months. Offensive and hate were seen less often than anger.
However, offensive and hate levels among those under lockdown
were consistently higher than the levels among those not under
lockdown in the first 6 months of the pandemic.
Our infoveillance study captured the fluctuation of people’s
emotions over a specific timeframe, providing vital information
for policymakers and public health professionals.

Discovery of a Causal Relationship Between Lockdown
and Increased Aggression
Our estimation suggested a causal relationship between
lockdown and increased aggression. The Poisson regression
analysis designated for count data is suited to estimate the
number of aggressive tweets posted in a time period. Time and
state fixed effects are able to address the undesired effects of
factors other than lockdown status on the outcome. Using this
rigorous statistical model, we can show the net impact of
lockdown status on the increase of aggressive tweets. The highly
significant results in all 3 kinds of aggressive emotions (anger:
P=.002, offensive: P<.001, hate: P=.005) matched with the
observation in our infoveillance study, that is, people under
lockdown have higher aggression levels. Aggressive emotions
under lockdown can cause social problems such as domestic
violence and divorce. Our findings provide essential information
for understanding the causes of aggressive emotions during the
pandemic.

Potential Policy Implications
Statistics and scientific evidence play crucial roles in rational
policymaking during the pandemic [40]. Using big data to detect
potential causal relations between lockdown and aggression
may guide governments to implement mental health support
policies during lockdowns. In the past, mental health support
has come in various different forms, including but not limited
to domestic violence protection [41], school counseling [42],
and psychological consulting [43]. We hope that our
spatiotemporal detection of aggression trends may facilitate
more efficient allocation of public resources to areas that are
most in need. Moreover, we hope to inspire future researchers
to use machine learning to detect social trends that invite proper
policy responses. Moreover, we hope our causal analysis can
raise social and political awareness of the importance of mental
health policies during the pandemic.

Although aggression trends roughly follow the same pattern in
all 3 kinds of aggressive emotions, each has some slightly
https://www.jmir.org/2022/8/e38776
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Comparison With Prior Work
Killgore et al [2] discovered an increase in aggression levels
after lockdown that was particularly evident among those under
lockdown. Our research used the Poisson regression model with
fixed effects to precisely measure the net impact of lockdown
and aggression. This widely established econometric method
points to a causal relationship between lockdown and increased
aggression [33]. Compared with traditional questionnaire
surveys that can only collect data for 1 subject at a time, our
data from Twitter are much more versatile. They can be used
in other subject research by adjusting the analysis method.
Previous NLP sentiment analysis studies focused on using
machines to understand emotions in vast volumes of text [16,17].
However, few of them applied this technology to investigate
causal relations of social phenomena in the public health area.
Inspired by traditional questionnaire research in psychology,
we applied NLP technology to a longitudinal internet study of
emotions. This interdisciplinary effort provides crucial
information to understand the factors contributing to increased
aggression. It opens up new opportunities for NLP technology
to make psychology and public health research efficient and
timely.

Limitations and Future Work
Our research has several limitations as well as potential for
improvement in future work. First, Twitter data overrepresent
younger users who have better access to mobile apps and live
in a culture that promotes social media. Such users might not
accurately reflect the whole population, as certain groups of
different demographic and socioeconomic statuses might be
underrepresented [44,45]. However, this limitation is not unique
to this study but is present in all studies involving Twitter data.
Second, due to time and computational limits, the number of
tweets we sampled was not very large considering the total
number of available tweets. In the future, we can use this
research procedure with an increased number of tweet samples
to detect aggression levels in space and time at a more granular
scale. Nevertheless, the current number of sampled tweets was
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sufficient for this research to show aggression fluctuations at
the statewide scale and draw statistically significant claims.
Third, to determine the lockdown status of each user, this
research could only use the lockdown status of the geo-tagged
US state of the user. Since we were unable to ask the users about
their lockdown status at a personal level, this might have led to
some inaccuracies in determining the lockdown status of users.
This limitation is inherent to social event studies on the internet.
Therefore, our study is conducted under the assumption that
users followed the lockdown policies in their state. Furthermore,
different types and stringencies of lockdown policies emerged
in response to the rapidly changing pandemic circumstances.
This research only measured the initial lockdown where people
were restricted to staying at home. Future research is open to
measuring the effect of lockdown policies at different levels
and nuances on aggressive emotions and behaviors. Another
source of uncertainty comes from the Twitter user location
labels, since the location is per user rather than per tweet (“a
user who moves from one city to another [and updates his
location] will have all of his tweets considered as being from
the latter location” [46]). Moreover, the studies by Gore et al
and Frank et al showed that the sentiment of a tweet is highly
correlated with the geographical area (ie, city) it was composed
in [47,48]. Finally, our research method is not restricted to
measuring aggressive emotions. Future research can easily apply
our methodology to other emotions and research topics. Using
NLP technology to help psychology and public health research
has vast potential in the future.

Conclusions
Infoveillance studies can be immensely useful in the modern
world. With recent advancements in NLP, models can be trained
to accurately understand emotions in text. NLP technology can
be applied to analyze emotions in large volumes of social media
data. This large-scale spatiotemporal data of public emotions
can be further analyzed to investigate the correlations and causal
relations between emotional trends and certain policies like
lockdowns. Applying computer technology to social scientific
research has vast potential in the future.
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Abstract
Background: Both clinicians and patients have increasingly turned to telemedicine to improve care access, even in physical
examination–dependent specialties such as dermatology. However, little is known about whether teledermatology supports
effective and timely transitions from inpatient to outpatient care, which is a common care coordination gap.
Objective: Using mixed methods, this study sought to retrospectively evaluate how teledermatology affected clinic capacity,
scheduling efficiency, and timeliness of follow-up care for patients transitioning from inpatient to outpatient dermatology care.
Methods: Patient-level encounter scheduling data were used to compare the number and proportion of patients who were
scheduled and received in-clinic or video dermatology follow-ups within 14 and 90 days after discharge across 3 phases: June to
September 2019 (before teledermatology), June to September 2020 (early teledermatology), and February to May 2021 (sustained
teledermatology). The time from discharge to scheduling and completion of patient follow-up visits for each care modality was
also compared. Dermatology clinicians and schedulers were also interviewed between April and May 2021 to assess their
perceptions of teledermatology for postdischarge patients.
Results: More patients completed follow-up within 90 days after discharge during early (n=101) and sustained (n=100)
teledermatology use than at baseline (n=74). Thus, the clinic’s capacity to provide follow-up to patients transitioning from inpatient
increased from baseline by 36% in the early (101 from 74) and sustained (100 from 74) teledermatology periods. During early
teledermatology use, 61.4% (62/101) of the follow-ups were conducted via video. This decreased significantly to 47% (47/100)
in the following year, when COVID-19–related restrictions started to lift (P=.04), indicating more targeted but still substantial
use. The proportion of patients who were followed up within the recommended 14 days after discharge did not differ significantly
between video and in-clinic visits during the early (33/62, 53% vs 15/39, 38%; P=.15) or sustained (26/53, 60% vs 28/47, 49%;
P=.29) teledermatology periods. Interviewees agreed that teledermatology would continue to be offered. Most considered
postdischarge follow-up patients to be ideal candidates for teledermatology as they had undergone a recent in-person assessment
and might have difficulty attending in-clinic visits because of competing health priorities. Some reported patients needing
technological support. Ultimately, most agreed that the choice of follow-up care modality should be the patient’s own.
Conclusions: Teledermatology could be an important tool for maintaining accessible, flexible, and convenient care for recently
discharged patients needing follow-up care. Teledermatology increased clinic capacity, even during the pandemic, although the
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timeliness of care transitions did not improve. Ultimately, the care modality should be determined through communication with
patients to incorporate their and their caregivers’ preferences.
(J Med Internet Res 2022;24(8):e38792) doi:10.2196/38792
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Introduction
In 2020, the COVID-19 pandemic drove telemedicine to the
forefront of health care [1,2]; dermatology care was no
exception. Prepandemic teledermatology had gained popularity
in some specific use cases [3,4]; however, the pandemic gave
rise to new policies that overcame previous restrictions to ensure
continued access to care, facilitating a rapid pivot to
telemedicine for outpatients, including patients transitioning
from inpatient care [5-7].
The highly visual nature of dermatology is well suited for this
cost-effective and efficient care modality [4,8-10], which is well
received by clinicians and patients [10-14]. Although
convenience and improved access to care are the primary
benefits, especially for rural and underserved populations,
teledermatology also boasts time and cost savings, greater
flexibility for dermatologists and patients, fewer no-shows, and
better continuity of care [4,5,10,15-25]. However,
teledermatology has some shortcomings that affect care delivery,
including suboptimal image quality, patient privacy, diagnostic
accuracy, network connectivity, patient technological literacy,
and access to digital devices [8,9,11,15]. In addition, the
inaccessibility of in-clinic tools and treatments (eg, dermoscopy,
biopsy, and cryotherapy) makes managing certain conditions
challenging [9]. These limitations may disproportionally affect
patients with low socioeconomic status, Medicare beneficiaries,
older adults, and non–English-preferring patients [9,11], who
may also be at risk for delayed care transitions.
Nevertheless, teledermatology may be particularly beneficial
for patients transitioning from inpatient dermatology
consultation services to outpatient dermatology care. Currently,
high-risk patients who are hospitalized often experience
numerous comorbidities and may experience difficulties
accessing in-clinic follow-up care. As a result, they risk
receiving fragmented care and being lost to follow-up, which
could have serious health consequences [26-28].
Teledermatology may improve follow-up access for these
patients by increasing the capacity of dermatology clinics and
improving the efficiency of scheduling and care provision. As
video visits become a fixture in health care expected by patients
and clinicians, it is essential to understand whether
teledermatology supports timely care transitions. We
retrospectively evaluated teledermatology use and its impact
on the clinic’s capacity, scheduling efficiency, and timeliness
of follow-up care for patients transitioning from inpatient to
outpatient dermatology care and explored dermatology
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clinicians’ and schedulers’ perceptions of teledermatology for
this patient population.

Methods
Setting
Stanford University’s Department of Dermatology encompasses
13 outpatient clinics with 16 subspecialties and provides
inpatient consultative services in a quaternary hospital; that is,
consultation requests placed by the patient’s admitting team,
such as general medicine or oncology. Consultations are
delivered by 5 dermatologists and 2 dermatology residents on
monthly rotations. The team consults >1500 inpatients per year,
many of whom have complex, high-risk skin conditions in
immunocompromised states and have multiple clinical teams
involved in their care. Approximately 40% of these patients
require postdischarge outpatient follow-up.

Intervention: Teledermatology
The department rapidly implemented teledermatology across
all ambulatory clinics in response to the statewide COVID-19
stay-at-home orders in March 2020 [10]. Clinicians were
provided with video visit–enabled hardware to enable the remote
provision of teledermatology. All clinicians and staff completed
the web-based training developed for the institution’s rollout.
Initially, clinicians and staff were encouraged to convert all
nonurgent or emergent in-clinic visits into video visits. Once
in-clinic capacity began to expand in spring 2020,
department-developed clinical criteria guided appropriate video
visit use for all patients except (1) patients with high skin cancer
risk requiring full skin examination, including melanoma; (2)
patients requiring specialized examinations (scalp and genitals);
and (3) patients requiring procedural interventions. As of July
2022, teledermatology had remained a fixture and was offered
to patients transitioning from inpatient to outpatient care.

Mixed Methods
Overview
Outcomes derived from quantitative scheduling data and
qualitative interviews are defined in Table 1. Data were
consolidated throughout the analysis and interpreted in parallel
to understand converging and diverging issues regarding
teledermatology use and its impact on the clinic's capacity,
clinical appropriateness, sustainability, and the remaining
barriers for patients transitioning from inpatient to outpatient
care.
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Table 1. Outcomes, definitions, and data sources used to evaluate the use, impact, and sustainability of teledermatology for patients transitioning from
inpatient to outpatient dermatology follow-up care.
Outcomes and definitions

Data sources

Clinic’s capacity
Number and proportion of patients after discharge
Scheduled follow-up within 90 days after discharge

Patient-level scheduling data

Completed follow-up within 90 days after discharge

Patient-level scheduling data

Teledermatology use
Number and proportion of follow-up visits completed over video within 90 days after discharge

Patient-level scheduling data

Acceptability of teledermatology for postdischarge follow-up patients among clinicians, residents, schedulers, Clinician and scheduler interviews
and patients
Clinical appropriateness
Perceived fit or compatibility of teledermatology within this setting, particularly for patients transitioning
from inpatient to outpatient dermatology care

Clinician and scheduler interviews

Teledermatology to support timely care transitions
Scheduling efficiency
Days from hospital discharge to initial scheduling for in-clinic and video visits

Patient-level scheduling data

Days from hospital discharge to finalized scheduling for in-clinic and video visits

Patient-level scheduling data

Perceived impact of teledermatology on scheduling efficiency

Clinician and scheduler interviews

Timeliness of follow-up visits
Days from hospital discharge to follow-up visit completion for in-clinic and video visits

Patient-level scheduling data

Number and proportion of patients who attended follow-up within 14 days after discharge (local
benchmark)

Patient-level scheduling data

Incomplete follow-up visits
Number and proportion of patients who scheduled but did not complete a teledermatology or in-clinic Patient-level scheduling data
visit
Perceived impact of teledermatology on follow-up visit completion

Clinician and scheduler interviews

Remaining barriers to video visit coordination
Perceived long-term sustainability of video visits and the barriers need to be addressed to improve clinician, Clinician and scheduler interviews
scheduler, and patient experience

Quantitative: Inclusion Criteria, Data Collection, and
Analysis
Patients who received a dermatology consultation in the
inpatient or emergency department settings were discharged in
1 of the 3 study periods and potentially needed follow-up with
outpatient dermatology. The three study periods were (1) June
1 to September 30, 2019 (baseline [before teledermatology]);
(2) June 1 to September 30, 2020 (early teledermatology); and
(3) February 1 to May 31, 2021 (sustained teledermatology).
Follow-up scheduling and care were recorded for 90 days after
discharge; visits scheduled >90 days after discharge were likely
unrelated to the patient’s hospitalization. Eligible patients and
relevant events were retrospectively identified using the
electronic health records and scheduling data. Inpatient
dermatology consults were identified using Current Procedural
Terminology codes (Multimedia Appendix 1).
Teledermatology use and its impact on the clinic’s capacity,
scheduling efficiency, and timeliness of follow-up care were
compared across periods and visit modalities (video and
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in-clinic) using the outcomes described in Table 1. Descriptive
statistics were calculated to describe patient characteristics and
assess differences across the 3 study periods and by visit
modality. Statistical significance was assessed using the
Kruskal-Wallis test for patient age, chi-square test for categorical
(ie, proportional) outcomes, and generalized linear models for
continuous outcomes (eg, days from discharge). Differences in
teledermatology use by patient age and distance between patient
residence and outpatient dermatology clinic were determined
using chi-square tests. Clinically meaningful (<70 years vs ≥70
years) or median-based (<21 miles vs ≥21 miles) categories
were used. P values were adjusted for multiple comparisons
with an adaptive, 2-stage linear step-up procedure, and
significance was set at P<.05 [29].

Qualitative: Data Collection and Analysis
We designed a semistructured interview guide to capture
perceptions of teledermatology for follow-up care of patients
transitioning from the inpatient setting. Clinicians and schedulers
were eligible if they were involved in transitioning patients from
inpatient to outpatient dermatology. All eligible clinicians and
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schedulers (ie, 5 dermatologists, 5 dermatology residents, and
13 schedulers) were invited via email (plus 2 reminders) to
participate in a 30-minute phone interview. Ultimately, 15
interviews (5/5, 100% dermatologists; 5/5, 100% residents; and
6/13, 46% schedulers) were conducted between April and May
2021 by 2 experienced qualitative researchers (EAS-G and AA),
ranging from 30 to 60 minutes. The interviews were audio
recorded and subsequently transcribed.

Ethics Approval

Data were analyzed deductively and inductively using Microsoft
Excel. Deductive codes were derived from the Proctor
implementation outcomes [30]. We used multiphase matrix
analysis by leveraging rapid analytic procedures to achieve
consensus coding of transcripts and extract early themes [31].
EAS-G and AA independently summarized transcripts after
each interview; summaries were reviewed, and consensus
discussions were held. Summaries were then consolidated into
a matrix to identify and compare themes across interviewees.
To ensure anonymity, all identifiable information was removed
from transcripts, summaries, and reports.

Results

This retrospective quality improvement evaluation received a
nonresearch determination by Stanford University’s Institutional
Review Board (IRB-60382). Interviewees provided informed
verbal consent before initiating the interviews and were assured
that all responses would remain confidential. Detailed interview
notes were taken if consent for recording was not provided.

Patient Characteristics
Patient characteristics are summarized in Table 2. Briefly, 194
patients, 218 patients, and 256 patients were discharged
following an inpatient dermatology consultation during the
baseline, early teledermatology, and sustained teledermatology
phases, respectively. The median patient age was similar across
the 3 periods (61.0, 60.5, and 55.5 years for baseline, early
teledermatology, and sustained teledermatology, respectively;
P=.11). Approximately half of the patients lived ≥21 miles from
the dermatology clinic during each study phase, and most had
public insurance.

Table 2. Characteristics of patients who potentially needed outpatient postdischarge follow-up dermatology care following an inpatient dermatology
consultation during one of three periods: baseline (N=194), early teledermatology (N=218), and sustained teledermatology (N=256).
Patient characteristics

Baseline (before teledermatology; Early teledermatology (June Sustained teledermatology
June to September 2019), n (%)
to September 2020), n (%) (February to May 2021), n (%)

Patients with inpatient dermatology consultation

194 (100)

218 (100)

256 (100)

Female

100 (51.5)

116 (53.2)

135 (52.7)

Male

94 (48.5)

102 (46.8)

121 (47.3)

0-29

19 (9.8)

27 (12.4)

34 (13.3)

30-49

37 (19.1)

48 (22)

69 (27)

50-69

83 (42.8)

82 (37.6)

92 (35.9)

≥70

55 (28.4)

61 (28)

61 (23.8)

0-20

90 (46.4)

104 (47.7)

133 (52)

≥21

104 (53.6)

114 (52.3)

123 (48)

Private

42 (21.6)

28 (12.8)

40 (15.6)

Public

148 (76.3)

187 (85.8)

210 (82)

Other or no insurance identified

4 (2.1)

3 (1.4)

6 (2.3)

Emergency department

25 (12.9)

40 (18.3)

56 (21.9)

Inpatient

169 (87.1)

178 (81.7)

200 (78.1)

Dermatology

63 (32.5)

91 (41.7)

97 (37.9)

Dermato-oncology

39 (20.1)

41 (18.8)

31 (12.1)

No follow-up

92 (47.4)

86 (39.4)

128 (50)

Sex

Age group (years)

Distance from outpatient clinic (miles)a

Insurance type

Patient hospital stay

Dermatology specialty for follow-up

a

Median distance between the patient’s zip code and the primary dermatology clinic in Palo Alto, CA, United States, was 21 miles.
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Clinic Capacity
More patients were scheduled for outpatient dermatology visits
within 90 days after discharge during the early (n=125) and
sustained (n=125) teledermatology phases than at baseline
(n=92), indicating a 36% increase (n=125 from 92 and n=125
from 92 patients for early and sustained teledermatology,

Kling et al
respectively) in the scheduling capacity (Figure 1). Similarly,
the number of follow-up visits completed within 90 days after
discharge was higher in the early teledermatology (n=101) and
sustained teledermatology (n=100) than at baseline (n=74),
indicating a sustained increase in capacity. The proportion of
patients who completed their follow-up did not differ across
the 3 evaluation periods, as shown in Figure 1.

Figure 1. Number and percentage of patients discharged following an inpatient dermatology consultation and who were scheduled for and completed
an outpatient dermatology follow-up visit within 90 days after discharge in the clinic or via video. *P=.99 indicating no difference between baseline,
early teledermatology, and sustained teledermatology phases. **P=.04 indicating significant difference between the early and sustained teledermatology
phases. ***A local benchmark. ****P=.15 indicating no difference between the teledermatology and in-clinic follow-ups during the early teledermatology
phase. *****P=.29 indicating no difference between the teledermatology and in-clinic follow-ups during the sustained teledermatology phase.

Teledermatology Use
Teledermatology use was highest in the early teledermatology
period, with 61.4% (62/101) of follow-ups completed via video.
This decreased significantly to 47% (47/100) of follow-ups in
the sustainability period (P=.04), indicating a more targeted yet
still substantial use (Figure 1). Interviewees remarked that
patient acceptance of teledermatology and technology
capabilities varied during early implementation; however,
acceptance increased as it became the standard of care (see
exemplary quotes in Textbox 1).
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Clinicians and schedulers believed that older patients may prefer
clinic visits, whereas patients residing farther from the clinic
may favor video visits (Textbox 1). However, video visit use
did not differ by patient age during the early or sustained
teledermatology phase or by distance from the clinic during the
early teledermatology phase (Table 3). However, in the sustained
period, significantly more patients residing ≥21 miles away
from the clinic had follow-up video visits (26/41, 63% patients)
than those living closer (21/59, 36% patients; P=.01), confirming
the interviewees’ view that patients living farther away preferred
video to in-clinic visits as teledermatology became optional (ie,
no longer mandated because of the pandemic).
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Textbox 1. Exemplary quotes from interviews with dermatologists, residents, and scheduling staff describing the use of teledermatology for patients
transitioning from inpatient to outpatient dermatology care.
Teledermatology use
•

“In the pandemic, people were frequently upset that they had to do a video visit. They wanted to be seen in person [...] Now that people are more
used to the virtual world, they seem to be more okay with doing video visits. But I still think that for certain people, they just really don’t want
anything to do with them [...]” [Resident 5]

•

“...[video visits] made things a little bit easier because we are able to get over that hurdle of travel. So for a patient that maybe is hours away
where they’re just never going to come back for a 15-30 minute, dermatology visit, where they’re just not able to do that. It has made us better
able to at least connect with them.” [Dermatologist 3]

Clinical appropriateness
•

“...for some patients video visits are totally fine, like a patient comes in with a drug rash, they’re totally better, you’re just checking it and making
sure they’re not flaring again. It’s perfect. But when there’s an issue where they might need a culture or a lab, or they need a little more intensive
care, like wound change or something like that, it’s very difficult. It’s challenging. Sometimes we just need in-person.” [Dermatologist 3]

•

“...for some of our sick patients, maybe their skin isn’t their priority, and it isn’t a very complex thing that requires inpatient evaluation; it saves
them so much time and stress, and also, kind of helps close the loop on our end as well.” [Dermatologist 2]

•

“...medically, from our perspective, people that are in hospital tend to have certain conditions so a close follow-up where we can actually see all
their skin, as opposed to pictures, is more helpful.” [Resident 4]

•

“...a decent amount of the time we’ll do video visits, but we are leaving it up to patients. So even if it’s something that’s not really serious, they’d
rather be seen in person, we’ll still accommodate them in person.” [Resident 5]

Teledermatology to support timely care transitions
•

“A lot of the clinicians have more video visits than they do in person so it’s a lot easier just to get them in the video.” [Front office scheduler 2]

•

“I think it [video visits] makes our work a little easier because we have more options to give the patient...[video visits] give the patient more
options because sometimes patients don’t want to come into clinic, they’d rather do a video. [...] on top of that, with video visits, we can get the
patients in sooner because with a lot of the video visits, there’s more video visits available where we can get the patients in sooner versus in-person
that are booking months out.” [New patient coordinator 3]

•

“The biggest difference for me is provider availability particularly for patients that live pretty far away because they’re able to be more flexible
in terms of when they can schedule and then they can schedule sooner.” [Resident 3]

•

“...it’s probably easier to schedule video visits. I think attendings can squeeze them in a bit faster than in-person. [...] having the option makes it
a little easier to schedule in a timely manner. That’s really the only benefit I can think of.” [Resident 5]

•

“...no-show rate is much higher for video visits ... significantly higher.” [Resident 5]

•

“I find the video visits are a lot easier because they’re more likely to follow-up, because a lot of patients otherwise don't show when they have
to come in-person.” [Dermatologist 5]

Remaining barriers to video visit coordination
•

“...ideally, if they could leave the hospital with a follow-up appointment, that would actually help even more, but most of the time, that’s just
not feasible.” [Resident 3]

•

“I...prefer in-person visits to video visits just because you’re relying a lot on the patient uploading photos and then the photos they upload have
to be good quality... I have definitely been fooled before where I see photos that a patient’s taken and thought one thing and then when you see
them in person, it’s much different. So I think there definitely are limitations to video visit.” [Resident 5]

•

“...we have a very large elderly group of patients and elderly people aren’t tech savvy. They’re a main group of people who are vulnerable during
COVID but it made it really hard for them to do video visits.” [Front office scheduler 1]

•

“...there are barriers, like if we’re not getting the best photos from the patient, or let’s say they have to do labs. There’s a lot of really tricky
coordination. They need a lab slip and we have to get it to them somehow. Then they have to get to the lab and call us since we can’t call the lab
for the results, and we’re really reliant on their primary care doctors, if they have one.” [Clinician 3]
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Table 3. Completion of in-clinic and video outpatient dermatology postdischarge follow-up visits (by patient age and location) for patients who received
an inpatient dermatology consultation and were discharged across 3 periods: baseline, early teledermatology, and sustained teledermatology.
Follow-up
visit
modality

Baseline (before teledermatology; June to September 2019)

Early teledermatology (June to September 2020) Sustained teledermatology (February to May 2021)

Total visits, N

Total visits, N In-clinic,
n (%)

In-clinic,
n (%)

Video,
n (%)

Patient age (years)

In-clinic,
n (%)

Video,
n (%)

.32

P value
.47

<70

56

56 (100)

72

30 (42)

42 (58)

71

36 (51)

35 (49)

≥70

18

18 (100)

29

9 (31)

20 (69)

29

17 (59)

12 (41)

Distance from clinic (miles)b

a

P valuea Total visits, N

.15

.01

<21

36

36 (100)

47

19 (40)

28 (60)

59

38 (64)

21 (36)

≥21

38

38 (100)

54

20 (37)

34 (63)

41

15 (37)

26 (63)

Differences in proportion between in-clinic and video visits were determined using chi-square tests.

b

The median distance between the patient’s zip code and the primary dermatology clinic in Palo Alto, CA, United States was 21 miles.

Clinical Appropriateness
Clinicians expressed interest in continuing to offer video visits
to recently discharged patients who have ongoing stable
conditions that are well-suited to teledermatologic care or
limitations preventing in-clinic care (Textbox 1).
Teledermatology was perceived to reduce barriers (eg, lack of
time or resources to travel) to attending follow-up in person for
high-risk patient populations who may need to attend several
follow-up visits and may consequently deprioritize their
dermatological issues. A video visit was perceived as better
than no follow-up at all for patients who were too debilitated
to travel, even if an in-clinic visit was clinically ideal.
Video visits were often considered ideal for quick, simple
check-ins for postdischarge patients as they had recently been
examined in person, whereas in-clinic visits were considered
more appropriate for conditions requiring skin examinations or
procedures, laboratory tests, or dressing changes. Nevertheless,
a few residents believed that video visits were less suitable for
postdischarge patients (Textbox 1). However, most agreed that
the choice should ultimately be the patient’s own. According
to clinicians, patients appreciate having a choice that meets their
priorities, needs, and preferences, and accommodating patients
to complete the necessary follow-up is worthwhile.

Teledermatology to Support Timely Care Transitions

from discharge to initial scheduling, finalized scheduling, and
completion of an outpatient dermatology follow-up visit across
each study period and visit modality were assessed (Table 1).
The proportion of incomplete scheduled visits is also reported
by the study period and visit modality.

Scheduling Efficiency
The average days from hospital discharge to initial scheduling
of in-clinic visits increased from 4.2 (SD 7.2) days at baseline
to 8.5 (SD 10.2) days during early teledermatology (P=.01;
Table 4). This returned to 3.0 (SD 4.8) days in the sustained
period, similar to baseline (P=.40). In contrast, the average
number of days for initial scheduling of video visits was 4.3
(SD 6.8) days and 3.7 (SD 10.1) days for the early and
sustainability periods, respectively, similar to the 4.2 (SD 7.2)
days at baseline when only in-clinic visits were offered (P=.89
and P=.76, respectively; Table 4). The results were similar for
the other efficiency measures; that is, days from discharge to
final scheduling (Table 4). These results potentially reflect the
decreased availability and increased difficulty in scheduling
in-clinic visits in the early implementation period due to
pandemic-related restrictions and concerns; however, the
increased flexibility and appointment availability of
teledermatology enabled comparable timeliness of follow-up
scheduling during the pandemic as to before the pandemic, as
reported by schedulers (Textbox 1).

To understand the impact of teledermatology on the scheduling
efficiency and timeliness of care transitions, differences in days
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Table 4. Days from inpatient discharge to initial scheduling, final scheduling, and completion of outpatient dermatological follow-up visits for patients
who received an inpatient dermatology consultation and were discharged during 3 periods: baseline, early teledermatology, and sustained teledermatology.
Follow-up visit modality

Patients who completed
follow-up ≤90 days after
discharge, N

Baseline (before
teledermatology;
June to September
2019)

Early teledermatology (June to September 2020) Sustained teledermatology (February to May
2021)

In-clinic

In-clinic

P valuea Video

P value

In-clinic

P value

Video

P value

74

39

N/Ab

62

N/A

53

N/A

47

N/A

Days from inpatient discharge, mean (SD)
Initial scheduling of
outpatient follow-up

4.2 (7.2)

8.5 (10.2)

.01

4.3 (6.8)

.89

3.0 (4.8)

.40

3.7 (10.1)

.76

Final scheduling of
outpatient follow-up

9.0 (13.5)

14.9 (17.8) .02

6.4 (7.6)

.22

7.6 (11.2)

.51

5.7 (12.3)

.18

25.5 (21.9) .19

17.3 (15.1) .94

Completed outpatient 19.0 (14.8)
follow-up
a

19.0 (17.7) .99

18.4 (19.4) .94

Difference from baseline was determined using least squares means in generalized linear regression and was adjusted for multiple comparisons.

b

N/A: not applicable.

Timeliness of Follow-up Visits
The average number of days from hospital discharge to
completed follow-up visits did not differ across the periods or
by visit modality (Table 4). A higher, although nonsignificant,
proportion of patients was seen within 14 days after discharge,
which is a local follow-up benchmark, via video than in the
clinic (Figure 1). During the early teledermatology period, 53%
(33/62) of follow-ups were conducted using teledermatology,
whereas 38% (15/39) of follow-ups were conducted in the clinic
(P=.15). Similarly, 60% (28/47) of follow-ups were conducted
using teledermatology, whereas 49% (26/53) of follow-ups were
conducted in the clinic (P=.29) during the sustained
teledermatology period (Figure 1). Thus, although
teledermatology follow-up visits were scheduled slightly faster
(although not significant) than prepandemic in-clinic visits, this
did not result in timelier follow-up care.

Incomplete Follow-up Visits
Relatively few patients missed their scheduled follow-up visits
during the 3 periods (Figure 1). Of the 24 patients who missed
their scheduled visit in the early teledermatology period, 12
(50% patients) had a scheduled teledermatology visit and 12
(50%) had scheduled in-clinic visits. A total of 25 patients did
not complete their scheduled visit during the sustained
teledermatology period, of whom 9 (36% patients) were
scheduled for teledermatology and 16 (64% patients) for an
in-clinic visit. This aligned with clinician and resident
perceptions that teledermatology facilitated the completion of
follow-up care but may not improve cancelation rates (Textbox
1). Some perceived that cancelation rates were higher for video
visits, and others said they were higher for clinic visits; the
small number of missed visits limits our evaluation of these
perceptions.

Remaining Barriers to Video Visit Coordination
Interviewees acknowledged the benefits of teledermatology but
indicated that care coordination and video visit setup were
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sometimes challenging (Textbox 1). Access to a smartphone
and a means of taking a high-quality photograph were
considered essential, especially for at-risk populations, including
older adults, who were believed to benefit the most from
improved access through reduced travel and risk during the
pandemic. Schedulers perceived that these patients frequently
needed help in setting up their devices and uploading their
photographs before a visit. Despite this assistance, the
photographs submitted sometimes lacked sufficient quality.
Care coordination via video was further complicated if the
patients required laboratory tests. Some interviewees suggested
that this coordination should begin during hospitalization at the
patient’s bedside to integrate and prioritize the care needs of
patients and caregivers in discharge planning and follow-up
care scheduling.

Discussion
Principal Findings
Teledermatology was frequently used during the evaluation
period; two-thirds of the visits were conducted via
teledermatology early in the pandemic, whereas about half of
the visits continued to be conducted using teledermatology later
in the pandemic, indicating more targeted but nevertheless
substantial use. Teledermatology availability increased the
clinic’s follow-up scheduling capacity for patients transitioning
from inpatient to outpatient dermatology care. Teledermatology
also provided a flexible option that increased overall clinic
capacity while retaining comparable scheduling efficiency and
timeliness of care as before the pandemic, even amid a pandemic
and strained health care system. However, the scheduling
efficiency and timeliness of care transitions did not improve,
suggesting that a wider range of efforts are needed to improve
these issues. Interviewees viewed teledermatology as an
important care modality for providing accessible care, especially
for patients with competing medical priorities and limited ability
or availability to travel to the clinic, although important
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38792 | p.603
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
logistical and technological limitations were acknowledged for
some patients. Ultimately, interviewees believed that patients
should make the final choice between in-clinic or video visits.

Comparison With Prior Work
Teledermatology is an important tool for building clinic
capacity, as well as improving scheduling timeliness and
completion of care [17,18]. A study in an urban safety net
hospital setting found that teledermatology implementation
increased the total number of cases evaluated per month by
approximately 20% and decreased the time to consultation for
new patients from 84.6 days to 6.7 days before the COVID-19
pandemic [17]. Teledermatology has also been shown to increase
access to and expedite care for patients in many settings,
including referrals from primary to specialty care [19,20], within
the Veterans Affairs system [21], in medically underserved
populations [22,23], and for those needing inpatient
consultations [24]. Our study builds on this literature by
demonstrating a sustained increased clinic capacity of 36% after
implementing teledermatology in the context of recently
discharged patients needing follow-up care; the increase in clinic
capacity did not come at the cost of less timely care. In addition,
teledermatology services allowed safe access to care during the
height of the pandemic when in-clinic care was delayed.
Nevertheless, our study was unable to detect improvements in
the timeliness of care, which may be because of the urgency of
our patient referrals (desired timeline from discharge to
follow-up of only 14 days), as has been reported elsewhere
[17-24]. Previous studies that found that video visit
implementation improved care timeliness have been conducted
in settings where patient referrals were nonurgent [17-24].
Although teledermatology supports increased access to
outpatient care for patients of dermatology in general and those
needing follow-up care after hospitalization, further research is
needed to determine whether telemedicine itself supports more
timely scheduling and care provision, particularly for care
transitions.
Telemedicine has also been shown to promote visit completion
and reduce patient cancelations and no-shows compared with
in-clinic visits [16,25]. In the outpatient setting of a large
academic health care system, 20% of telemedicine visits were
canceled compared with 31% of in-clinic visits [16]. Similarly,
a study focusing on dermatological care also showed that a
lower percentage of virtual consults, specifically e-consults,
were either canceled or not attended (ie, no show) than
ambulatory consults (18% vs 39%) [25]. In this study, a few
patients missed their scheduled follow-up, of whom 50% (12/24)
missed a video visit in the early teledermatology period and
36% (9/25) missed a video visit in the sustained period. This
latter result, although a different metric, suggests that recently
discharged patients may be less likely to miss scheduled video
visits than scheduled in-clinic visits, aligning with previous
research [16,25]. However, the small sample size limits
interpretability, and additional investigations are needed.
Teledermatology is well suited and highly accepted in
dermatology, even for high-risk, recently discharged patients
[10-14]. In this study, clinicians and scheduling staff recognized
that teledermatology is convenient for patients experiencing
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difficulties related to their current health, with competing
medical and care needs, or limited time and resources to access
in-person care. In fact, even as in-clinic visits became more
available, patients who lived farther from the clinic were
significantly more likely to use teledermatology care than those
living closer to the clinic, aligning with previous research
reporting on the convenience of telemedicine for rural and
underserved populations [10-14]. The widely reported flexibility
of teledermatology [4,8-10] was recognized to support care
transitions and continuity by interviewed clinicians and
schedulers. Ultimately, telemedicine may be particularly well
suited to this highly visual specialty, as reported here and
elsewhere [4,8-10], perhaps even more so for follow-up care of
patients recently physically examined and for whom the clinician
expects but wants to confirm an improvement in their condition.
Although video visits are a well-accepted and widely used
technology, some patients, clinicians, and schedulers still prefer
in-person visits due to their limitations [32-34]. As reported
here and previously, teledermatology continues to have
shortcomings that affect care delivery, including incomplete
previsit preparation, poor quality images, limited patient
technological literacy, inability to access certain in-person tools
and procedures, and patients’ lack of capabilities with digital
devices [8,9,11,15]. Patient privacy concerns, diagnostic
accuracy, and network connectivity are also well-recognized
limitations [8,9,11,15]. The reported inequities in access to
telemedicine care, known as the digital divide [9,11], compound
the limitations of teledermatology. Although patients with
complex medical issues may particularly benefit from the
convenience and flexibility of teledermatology care, they may
also lack access to a smartphone and the technological capacity
to, for example, take and submit high-quality photographs. Thus,
efforts to improve care transitions need to not only be attuned
to patients who may benefit from teledermatology but also be
able to assess whether such patients have access to the needed
skills and technology; if not, alternatives or appropriate support
for skills and technology must be provided to facilitate equitable
access to care for all. Bedside communication for more
patient-centered care [35] or employing dedicated care
coordinator teams [28,36,37] to ensure that patients’ care needs
are met could not only better support timely care transitions but
also ensure high levels of patient and caregiver satisfaction,
improved patient outcomes, and lower readmissions.

Limitations
This retrospective study has 3 main limitations. First, it was
conducted in a single health care setting. Second, Current
Procedural Terminology codes (Multimedia Appendix 1)
associated with inpatient dermatology consultations were used
as a surrogate to identify patients potentially needing follow-up
care; ideally, such data would be based directly on clinical
recommendations, including the follow-up timeline; however,
such data were not systematically available. Third, 2 of the 3
study periods were during the COVID-19 pandemic. We
considered many factors that could have influenced our findings,
including seasonality, COVID-19 pandemic surges and
restrictions, and the presence of other quality improvement
initiatives, to identify comparable periods. However, this
retrospective evaluation was not able to account for all potential
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confounding factors, including regular policy changes and
vaccine availability.

Conclusions and Future Directions
Telemedicine has moved to the forefront of health care delivery
and is anticipated to continue to expand. As telemedicine
becomes an established care modality, additional evaluation of
its quality, acceptability, and appropriateness for specific use
cases and patient populations is needed to ensure the provision
and sustainability of appropriate, high-quality care without
continuing to widen the care access divide. Teledermatology
was viewed as an important tool for maintaining accessible,
flexible, and convenient care for patients transitioning from
inpatient to outpatient dermatology care. Despite its

Kling et al
shortcomings, including photograph quality and varying patient
technological capabilities, teledermatology is predicted to be a
standard option for patients. However, teledermatology alone
does not completely solve care transition delays; it must be
coupled with other efforts to improve communication between
patients and care teams, patient access to and comfort with video
technology, and workflows that support timely and equitable
access to follow-up care. Care transitions are a vulnerable time
for patients who may easily slip through the cracks and remain
a challenge in health care systems [26,28,38-41]. Continued
evaluation of alternate approaches to care delivery during care
transitions, including telemedicine, as well as reporting of these
efforts, is needed to understand their impact on this risky time
in the patient care continuum.
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Abstract
Background: Although the COVID-19 pandemic has accelerated the adoption of telemedicine and virtual consultations
worldwide, complex factors that may affect the use of virtual clinics are still unclear.
Objective: This study aims to identify factors associated with the utilization of virtual clinics in the experience of virtual clinic
service implementation in Taiwan.
Methods: We retrospectively analyzed a total of 187,742 outpatient visits (176,815, 94.2%, in-person visits and 10,927, 5.8%,
virtual visits) completed at a large general hospital in Taipei City from May 19 to July 31, 2021, after rapid implementation of
virtual outpatient clinic visits due to the COVID-19 pandemic. Data of patients’ demographic characteristics, disease type,
physicians’ features, and specialties/departments were collected, and physicians’ opinions regarding virtual clinics were surveyed
and evaluated using a 5-point Likert scale. Multilevel analysis was conducted to determine the factors associated with the utilization
of virtual clinics.
Results: Patient-/visit-, physician-, and department-level factors accounted for 67.5%, 11.1%, and 21.4% of the total variance
in the utilization of virtual clinics, respectively. Female sex (odds ratio [OR] 1.27, 95% CI 1.22-1.33, P<.001); residing at a
greater distance away from the hospital (OR 2.36, 95% CI 2.15-2.58 if distance>50 km, P<.001; OR 3.95, 95% CI 3.11-5.02 if
extensive travel required, P<.001); reimbursement by the National Health Insurance (NHI; OR 7.29, 95% CI 5.71-9.30, P<.001);
seeking care for a major chronic disease (OR 1.33, 95% CI 1.24-1.42, P<.001); the physician’s positive attitude toward virtual
clinics (OR 1.50, 95% CI 1.16-1.93, P=.002); and visits within certain departments, including the heart center, psychiatry, and
internal medicine (OR 2.55, 95% CI 1.46-4.46, P=.004), were positively associated with the utilization of virtual clinics. The
patient’s age, the physician’s age, and the physician’s sex were not associated with the utilization of virtual clinics in our study.
Conclusions: Our results show that in addition to previously demonstrated patient-level factors that may influence telemedicine
use, including the patient’s sex and distance from the hospital, factors at the visit level (insurance type, disease type), physician
level (physician’s attitude toward virtual clinics), and department level also contribute to the utilization of virtual clinics. Although
there was a more than 300-fold increase in the number of virtual visits during the pandemic compared with the prepandemic
period, the majority (176,815/187,742, 94.2%) of the outpatient visits were still in-person visits during the study period. Therefore,
it is of great importance to understand the factors impacting the utilization of virtual clinics to accelerate the implementation of
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telemedicine. The findings of our study may help direct policymaking for expanding the use of virtual clinics, especially in
countries struggling with the development and promotion of telemedicine virtual clinic services.
(J Med Internet Res 2022;24(8):e40288) doi:10.2196/40288
KEYWORDS
telemedicine; remote consultation; e-consult; virtual clinic; outpatient; virtual care; virtual consult; physicians; health policy;
health care delivery; COVID-19; multilevel analysis; outpatient clinic; telehealth; virtual health; health care system; adoption;
attitude; perception

Introduction
During the COVID-19 pandemic, countries worldwide relaxed
restrictions on the utilization of telemedicine to reduce the
contagion, which has resulted in the expansion of telemedicine
in various clinical applications [1-3]. Owing to the severity of
the disease outbreak, many countries have implemented strict
strategies to restrict movement, such as lockdowns, travel
constraints, and quarantine, and have implemented extensive
use of telemedicine in place of in-person clinic visits in order
to reduce disease exposure and the risk of infection among
patients and medical staff [4,5].
Although some initial research on the provision of health care
via virtual clinics (virtual consultations, teleconsultations) in
the United States and the United Kingdom during the COVID-19
pandemic reported generally high patient and provider
satisfaction [6-8], the acceptance of virtual visits appeared to
vary widely across different subspecialties and patient
populations. A previous study reported that only 32% of patients
with head and neck cancer chose to have a virtual visit, even
during the COVID-19 pandemic [9]. In different countries, due
to differing degrees of technology penetration and COVID-19
outbreak severity, the acceptance of virtual clinics seems to
vary. For example, a study conducted in Australia showed that
only 61.7% of patients were satisfied with virtual visits, and
less than 50% of patients expressed the desire to continue to
use it in the future [10]. In addition, research on whether patient
demographics are associated with the willingness to use virtual
clinics has revealed conflicting results. Although some studies
have shown that patients who are female and younger than 65
years of age are more likely to use digital health services [11,12],
others have found that female patients are less likely to use
virtual clinics [13,14]. A large study analyzing 231,596 visits
across 1652 primary and specialty care practices in the United
States found that patient sex is not associated with differences
in the use of video visits, whereas the type of practice and
clinician specialty are the main drivers of variation in
telemedicine usage [15].
The inconsistency among these preliminary findings suggests
that further research is needed to better identify factors that
potentially impact the utilization of virtual health care. In
addition, factors beyond patient demographics may also play a
role in the utilization of virtual clinics, including disease
chronicity, physician characteristics, the physician’s attitude
toward virtual clinics, and the type of subspecialty.
Understanding the impact of these factors may enable
policymakers and health care providers to increase patients’
receptiveness to virtual health care and to expand the utilization
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of virtual clinics in the postpandemic era. This study aims to
identify factors associated with the utilization of virtual clinics
in the experience of virtual clinic service implementation in
Taiwan during the COVID-19 pandemic. The findings may help
direct future policy for promoting and expanding the use of
virtual clinics.

Methods
Background Information and Study Design
Prior to the COVID-19 pandemic, telemedicine regulations in
Taiwan were restrictive. Before 2018, only residents of outlying
islands or distant mountainous areas with insufficient medical
resources were allowed to use telemedicine consultations in
disease diagnosis and treatment. After 2018, a few specific
patients, such as overseas patients or those admitted to a family
physician integrated care plan, were added to the telemedicine
project. Therefore, most physicians and patients in Taiwan had
never used virtual consultations prior to the COVID-19
pandemic. The Cheng Hsin General Hospital is an 800-bed
hospital located in Taipei City, Taiwan. In the pre–COVID-19
pandemic time, the average volume of our outpatient clinic was
approximately 100,000 visits per month. Due to restrictive
prepandemic telemedicine regulations, the number of
telemedicine consultations was limited at approximately 10
visits per month. During the COVID-19 pandemic, the Taiwan
government relaxed telemedicine regulations, and virtual clinic
visits became reimbursed under the National Health Insurance
(NHI) for all patients beginning May 16, 2021. Our institution
rapidly responded to the change in policy and initiated virtual
outpatient clinics conducted via an integrated user-friendly
smartphone application platform beginning May 19, 2021. Both
virtual and in-person clinic services were made available to all
our outpatients, and patients could easily book an appointment
for either type of visit through the smartphone application. This
special background gave us a good opportunity to test the
acceptance and demand for virtual outpatient clinics by the
general public and physicians of various specialties. Thus, we
conducted this retrospective, cross-sectional study to determine
factors associated with virtual clinic utilization.

Data Source
Data were collected from 2 sources: (1) data from the hospital
information system (HIS) and the electronic medical record
(EMR) system of the Cheng Hsin General Hospital and (2)
results of a physician survey. The data extracted from our HIS
and EMR systems contained patient age, sex, and address of
residence; visit date; visit type (in-person visit or virtual visit);
insurance type (whether reimbursed by the NHI); principal
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diagnosis codes; the in-charge physician; and the age, sex, and
medical specialty/department of the physician. The design and
procedures of the physician survey are described in a separate
section later.

Study Sample
We collected data of all outpatient visits of the Cheng Hsin
General Hospital between May 19 and July 31, 2021. This study
period was chosen because it was just after implementation of
our virtual clinic platform and was the peak period of virtual
visits during that year. To compare the usage of virtual clinics
among various specialties, including pediatrics and geriatrics,
we included patients of all ages in our study. Data from a total
of 197,534 outpatient visits during the study period were
collected. We excluded all visits from the Department of
Emergency (n=3099, 1.6%), the Department of Health
Examination (n=1623, 0.8%), and visits for COVID-19
vaccination (n=5070, 2.6%) because virtual clinic services were
not available in those departments. After applying the exclusion
criteria, the final data set included 187,742 visits, with 176,815
(94.2%) in-person visits and 10,927 (5.8%) virtual visits
completed in the outpatient department of 30 subspecialties
during the study period. For in-person visits, patients came to
the hospital as usual because there were no lockdown restrictions
in place in Taiwan during that period. For virtual visits,
physicians conducted video calls with patients at the scheduled
appointment time using the integrated platform. All virtual visits
were booked by patients themselves and conducted by in-charge
physicians using the same smartphone application platform.
Audio-only visits occurred under the condition of insufficient
internet bandwidth or poor Wi-Fi signals, which resulted in a
video call without screen images and only audio signals being
transmitted. Since the determination of video or audio visits
mainly depended on the internet condition, further subgroup
analysis between video and audio visits was not performed.

Physician Survey Design
To understand physicians' opinions on the implementation of
virtual clinics and to evaluate the performance of our newly
introduced virtual clinic platform to identify areas for future
improvement, all full-time physicians who provide outpatient
clinic services at our hospital were invited to complete an online
service survey. The survey was conducted between September
9 and October 6, 2021.
In the current absence of a widely validated physician survey
of telemedicine that met our purpose, we designed a
service-specific questionnaire modified from previously
published
questionnaires
[6,16-18]
and
followed
recommendations on the use of telemedicine research surveys
[19]. The survey evaluated the following elements: general
attitude; reliability; confidence in diagnostic and therapeutic
assessment; technique-specific elements, such as audio and
video quality; platform-specific elements, such as function and
design; efficiency; and satisfaction (see Multimedia Appendix
1). Physicians were asked to provide answers using a 5-point
Likert scale (1=strongly disagree to 5=strongly agree). Finally,
we allowed for comments and suggestions. A single question
regarding each physician’s general attitude toward virtual clinics
was recorded, and the response was analyzed for the study.
https://www.jmir.org/2022/8/e40288
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Ethical Considerations
As this was a formal service evaluation, ethical approval was
not required for this study. Nonetheless, all invited physicians
were fully informed verbally of the aims of this survey and
understood that their responses would be analyzed for the
purpose of publication. Participation was voluntary, and consent
from physicians was implied by participation in the survey. This
study was approved by the Institutional Review Board of the
Cheng Hsin General Hospital (#(916)110-62). The need for
informed written consent was waived by the board, and approval
was granted for informed verbal consent prior to data collection.

Study Measures
The outcome of interest in our study was visit type (in-person
visit vs virtual visit). For patient-level variables, we included
patient characteristics that have been previously demonstrated
to influence telemedicine use, including age, sex, and distance
between the patient’s residence and the hospital.
Sociodemographic variables, such as the marital status, highest
education level, and income of the patient, were not included,
because updated data of this type were not available in our HIS
database. In addition, no data were available in our HIS database
regarding the patients’ race/ethnicity or spoken language. The
distance between a patient’s place of residence and the hospital
was estimated using the patient address’ zip code and then
grouped as a categorical variable (<20 km, 20-50 km, >50 km,
outlying islands, and traveled >5 hours to reach the hospital).
We also collected visit-level variables, including
insurance/reimbursement type and the coding of principal
diagnosis based on the International Classification of Diseases
10th Revision (ICD-10) from our HIS and EMR databases.
To investigate the association between disease type and the
usage of virtual clinics and to examine the association of major
chronic diseases with virtual clinic service, we used the
classifications of chronic diseases defined by the Ministry of
Health and Welfare of Taiwan and the chronic condition
indicator for ICD-10 developed by the Agency for Healthcare
Research and Quality of America [20] to categorize the diseases.
As defined by the Ministry of Health and Welfare of Taiwan,
prescription refills are allowed for 101 chronic diseases in 16
categories (Multimedia Appendix 2). First, we removed certain
disease groups that may involve complicated disease conditions,
diverse prognoses, and various purposes for visits, including
malignant neoplasm, brain tumor, polyneuropathy, nerve root
and plexus disorders, trigeminal neuralgia, spinal cord injury,
peptic ulcer, colitis, cholangitis, nephritis, arthritis,
dermatomyositis, osteomyelitis, osteoporosis, autoimmune
disease, ocular disease, skin diseases, ear diseases, blood
diseases, prostate and urination diseases, infectious diseases,
congenital malformations, hemorrhoids, follow-up after organ
transplantation, and menopause syndrome. Next, we removed
certain diseases that had few cases in our study cohort, including
endometriosis, leprosy, blackfoot disease, and polychlorinated
biphenyl intoxication. Finally, we defined 10 types of major
chronic and stable diseases (Table 1) to compare with other
diseases. The data of the dictionary of the specific ICD-10 codes
used to categorize these diseases are provided in Multimedia
Appendix 3. For physician-level variables, the physician’s age
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general attitude toward virtual clinics was obtained from the
physician survey, as described before. Department-level
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variables, such as the medical specialty/department of the visit,
were collected from our HIS database as well.

Table 1. Major chronic diseases according to ICD-10a.

a

Disease group

Visits (N=187,742), n (%)

1. Diabetes mellitus

30,680 (16.3)

2. Coronary artery disease

19,517 (10.4)

3. Hypertension

14,034 (7.5)

4. Chronic cardiac and arterial disease

11,387 (6.1)

5. Psychiatric disease and sleep disorder

9887 (5.3)

6. Cerebrovascular disease and other chronic neurologic diseases

7477 (4.0)

7. Chronic respiratory disease

5196 (2.8)

8. Chronic liver disease

3533 (1.9)

9. Thyroid and endocrine diseases

3408 (1.8)

10. Hyperlipidemia

2791 (1.5)

ICD-10: International Classification of Diseases 10th Revision.

Statistical Analysis
Descriptive statistics were used to assess trends in the use of
virtual visits and in-person visits. Continuous variables were
described as the mean (SD). Categorical variables were
described using frequencies and percentages.
Group comparisons (virtual visit vs in-person visit) were tested
for differences using the Student t-test for continuous variables
and the chi-square test for categorical variables. To determine
the independent factors associated with the utilization of virtual
clinics, all variables exhibiting a P value of <.01 on univariate
analysis were entered into a multivariate binary logistic
regression and a multilevel analysis. Multilevel analysis was
conducted by using 3-level structure hierarchical linear modeling
to incorporate variables at the patient/visit level, physician level,
and department level in a statistically correct way.
All statistical analyses were carried out using commercially
available software (IBM SPSS Statistics for Windows, version
28.0; IBM Corporation). The multilevel analysis was carried
out using HLM version 8.2 (Scientific Software International).
A two-sided P value of <.01 was considered statistically
significant for all analyses.
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Results
Visit Characteristics
Characteristics of all visits recorded during the study period are
summarized in Table 2. Of 187,742 total visits, 10,927 (5.8%)
were virtual visits during the study period. The mean age of
patients in all visits was 61.48 (SD 16.86) years, and 96,884
(51.6%) visits were of female patients. In terms of the distance
of the patients’ residence from the hospital, 168,846 (89.9%),
12,623 (6.7%), and 5284 (2.8%) visits were by patients who
lived <20 km, 20-50 km, and >50 km from the hospital,
respectively. In addition, 449 (0.3%) visits were by patients
who needed to travel extensively to reach the hospital, including
167 (37.2%) visits by patients who lived in the outlying islands
of Taiwan and 332 (62.8%) visits by patients who traveled >5
hours to reach the hospital. Nearly all (n=175,881, 93.7%) of
the visits were reimbursed by the NHI. For disease type, 107,910
(57.5%) visits were related to a major chronic disease. Regarding
specialty, 129,504 (69%) visits were conducted by the heart
center, the psychiatry department, or the internal medicine
department.
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Table 2. Characteristics of all visits.
Total visits
(N=187,742)

In-person visits
(n=176,815)

Virtual visits
(n=10,927)

Virtual visit rate (%)=

Characteristics
Age (years), mean (SD); P=.013

61.48 (16.86)

61.50 (16.84)

61.09 (17.22)

N/Aa

Male

90,863 (48.4)

85,951(48.6)

4907 (44.9)

5.4

Female

96,884 (51.6)

90,864 (51.4)

6020 (55.1)

6.2

<20 km

168,846 (89.9)

159,787 (90.4)

9059 (82.9)

5.4

20-50 km

12,623 (6.7)

11,552 (6.5)

1071 (9.8)

8.5

>50 km

5284 (2.8)

4607 (2.6)

677 (6.2)

12.8

Outlying islands

167 (0.1)

133 (0.1)

34 (0.3)

20.4

Traveled >5 hours to reach the hospital

332 (0.2)

263 (0.1)

69 (0.6)

26.2

Unknown

490 (0.3)

473 (0.3)

17 (0.2)

3.5

Reimbursed by the NHIb

175,881 (93.7)

165,021 (93.3)

10,860 (99.4)

6.2

Nonreimbursed by the NHI

11,861 (6.3)

11,794 (6.7)

67 (0.6)

0.6

Major chronic diseases

107,910 (57.5)

99,624 (56.3)

8286 (75.8)

7.7

Other diseases

79,832 (42.5)

77,191 (43.7)

2641 (24.2)

3.3

Heart center, psychiatry department, and internal
medicine department

129,504 (69.0)

120,088 (67.9)

9416 (86.2)

7.3

Other departments

58,238 (31.0)

56,727 (32.1)

1511 (13.8)

2.6

virtual visits/total visits

Sex, n (%); P<.001

Distance, n (%); P<.001

Insurance type, n (%); P<.001

Disease type, n (%); P<.001

Department, n (%); P<.001

a

N/A: not applicable.

b

NHI: National Health Insurance.

Physician Characteristics
Of 174 invited physicians, 165 (94.8%) responded to the survey,
accounting for 179,857 (95.8%) of 187,742 outpatient visits
during the study period. These physicians were from 30
subspecialties of 13 departments of our hospital. The
characteristics of the 165 physicians who responded to the
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virtual clinic service survey are summarized in Table 3. Their
mean age was 55.58 (SD 11.89) years, 25 (15.2%) physicians
were female, and 115 (69.7%) physicians expressed a positive
attitude toward virtual clinics by agreeing or strongly agreeing
(Likert scale score≥4) that virtual clinics are practical and that
they are willing to conduct virtual visits.
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Table 3. Physician characteristics.
Characteristics

Participants (N=165)

Sex (female), n (%)

25 (15.2)

Age (years), mean (SD)

55.58 (11.89)

Attitude (Likert scale score≥4), n (%)

115 (69.7)

Department, n (%)
Internal medicine

44 (26.7)

Surgery

37 (22.4)

Heart center

27 (16.4)

Obstetrics and gynecology

9 (5.5)

Oncology and radiotherapy

8 (4.9)

Psychiatry

8 (4.9)

Rehabilitation

6 (3.6)

Otorhinolaryngology

6 (3.6)

Ophthalmology

6 (3.6)

Dentistry

4 (2.4)

Dermatology

4 (2.4)

Pediatrics

4 (2.4)

Traditional Chinese medicine

2 (1.2)

Factors Associated With Virtual Clinic Utilization
In univariate analysis, the percentage of virtual clinic use was
higher in female patients (6020/96,884, 6.2%, female patients
vs 4907/90863, 5.4%, male patients, P<.001), in visits for major
chronic diseases (8286/107,910, 7.7%, major chronic diseases
vs 2641/79,832, 3.3%, nonmajor chronic diseases, P<.001), in
visits reimbursed by the NHI (10,860/175,881, 6.2%, reimbursed
visits vs 67/11,861, 0.6%, nonreimbursed visits, P<.001), and
in visits performed by the heart center, the psychiatry
department, or the internal medicine department (9416/129,504,
7.3%, visits in these departments vs 1511/58,238, 2.6%, visits
not in these departments, P<.001). Patients who lived farther
away from the hospital were more likely to use virtual clinic,
with 69 (26.2%) of 332 visits by patients who needed more than
5 hours of travel time to reach the hospital, 34 (20.4%) of 167
visits by patients who lived in outlying islands of Taiwan, 677
(12.8%) of 5284 visits by patients who lived more than 50 km
from the hospital, 1071 (8.5%) of 12,623 visits by patients who
lived 20-50 km from the hospital, and 9059 (5.4%) of 168,846
visits by patients who lived within 20 km from the hospital
(P<.001). There was no significant difference in the mean patient
age between the in-person visit group (mean 61.50 years, SD
16.84 years) and the virtual visit group (mean 61.09 years, SD
17.22 years; P=.013).
Results of the 3-level structure multilevel analysis are shown
in Table 4. The random part of the model represents the variance
at each hierarchical level. Based on the formula of the intraclass
correlation coefficient [21], physician-level factors accounted
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for 11.1% of the total variance and department-level factors
accounted for 21.4% of the total variance in utilization of virtual
clinics. Patient-/visit-level factors contributed to 67.5% of the
total variance.
In multilevel analysis, patient-/visit-level factors associated
with the utilization of virtual clinics included female sex (odds
ratio [OR] 1.27, 95% CI 1.22-1.33, P<.001), distance from the
hospital (OR 2.36, 95% CI 2.15-2.58 if distance>50 km, P<.001;
OR 3.95, 95% CI 3.11-5.02 if extensive travel required, P<.001),
visit for a major chronic disease (OR 1.33, 95% CI 1.24-1.42,
P<.001), and visit reimbursed by the NHI (OR 7.29, 95% CI
5.71-9.30, P<.001). The physician’s age and sex were not
associated with the utilization of virtual clinics. The only
physician-level factor associated with the utilization of virtual
clinics was the physician’s positive attitude toward virtual clinics
(OR 1.50, 95% CI 1.16-1.93, P=.002). Department-level factors
as represented by the different specialties were associated with
the utilization of virtual clinics. The heart center, psychiatry
department, and internal medicine department were more likely
to use virtual clinics (OR 2.55, 95% CI 1.46-4.46, P=.004).
As shown in Table 4, combining all variables of different levels
into a binary logistic regression model revealed that the
physician’s age and sex were significantly associated with the
utilization of virtual clinics. Therefore, in our study, the results
may be skewed if binary logistic regression analysis were used,
and the role of physician- and department-level factors in the
utilization of virtual clinics (ie, factors beyond the patient/visit
level) could not be assessed with such a model.
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Table 4. Results of the multilevel model.
Variables

Logistic regression

3-level model

β

SE

P value

β

SE

ORa (95% CI)

P value

–5.322

0.144

<.001

–5.323

0.355

0.005 (0.002-0.011)

<.001

0.035

<.001

0.936

0.254

2.550 (1.458-4.460)

.004

Fixed effect level 3
Intercept

Heart center, psychiatry department, and internal medicine 0.630
department (yes/no)
Fixed effect level 2
Physician’s sex, female (reference male)

0.119

0.031

<.001

0.193

0.180

1.214 (0.850-1.730)

.28

Physician’s age

–0.004

0.001

<.001

–0.008

0.0050

0.992 (0.982-1.003)

.15

Physician’s attitude, Likert scale score≥4 (yes/no)

0.234

0.024

<.001

0.404

0.129

1.498 (1.162-1.932)

.002

0.228

0.020

<.001

0.242

0.020

1.274 (1.222-1.326)

<.001

2.030

0.130

<.001

1.986

0.124

7.288 (5.711-9.300)

<.001

>50 km

0.955

0.043

<.001

0.857

0.046

2.355 (2.153-2.577)

<.001

Traveled extensively to reach the hospital

1.505

0.115

<.001

1.373

0.122

3.948 (3.108-5.016)

<.001

Disease type, major chronic diseases (yes/no)

0.445

0.029

<.001

0.282

0.036

1.326 (1.236-1.421)

<.001

Level 3

N/Ac

N/A

N/A

1.040

1.020

N/A

<.001

Level 2

N/A

N/A

N/A

0.541

0.736

N/A

<.001

Level 1

N/A

N/A

N/A

π2/3

N/A

N/A

N/A

Fixed effect level 1
Patient’s sex, female (reference male)
b

Insurance type, reimbursed by the NHI (yes/no)
Distance (reference <20 km and 20-50 km)

Random effect

a

OR: odds ratio.

b

NHI: National Health Insurance.

c

N/A: not applicable.

Discussion
Principal Findings
In our study, results of the multilevel analysis showed that
factors at different levels all contributed to the utilization of
virtual clinics. In addition to patient-/visit-level factors (67.5%),
physician-level (11.1%) and department-level (21.4%) factors
also drove variation in virtual clinic use. Patients who were
female and lived farther away from the hospital were more likely
to use virtual clinics, whereas the patient’s age did not affect
the utilization of virtual clinics in our study. Visit-level
variables, including insurance type (reimbursed by the NHI)
and disease type (major chronic disease), were positively
associated with the utilization of virtual clinics. The physician’s
positive attitude toward virtual clinics positively predicted the
use of virtual clinics, while the physician’s sex and age were
not major predictors. Certain medical departments/specialties
(the heart center, the psychiatry department, and the internal
medicine department) were positively associated with the
utilization of virtual clinics. Even when in-person visits and
virtual visits were equally available, the use of virtual visits was
relatively low, accounting for 10,927 (5.8%) of 187,742 visits
in our study period.
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Comparison With Existing Literature
During the COVID-19 pandemic, a massive migration from
in-person to virtual clinic visits was observed in many countries
[2,4,22-24]. In prior reports from New York City, the epicenter
of the pandemic during 2020, Mann et al [4] reported that
telemedicine visits in a large academic health care system
increased from less than 50 daily to more than 1000 daily,
co-occurring with a decline of over 80% in in-person visits [4],
and Ramaswamy et al [7] reported an 8729% increase in video
visit utilization [7]. Various countries, including Italy, the United
Kingdom, and India, reported virtual migration percentages
between 60% and 95% of their usual practice [2,22]. However,
during our study period, the COVID-19 outbreak in Taiwan
was well controlled. No lockdown or shelter-in-place orders
were enacted, and usual hospital outpatient services were not
impacted. The use of virtual clinics was for individual health
demand rather than for COVID-19–suspected diagnosis during
our study period. Therefore, our hospital has not experienced a
massive migration from in-person to virtual visits. Although
there was a more than a 300-fold increase in the number of
virtual visits compared to the prepandemic period, the majority
(176,815/187,742, 94.2%) visits in our outpatient clinic were
still in-person visits during the study period. This finding may
imply that when both types of clinics are equally available, most
patients still prefer in-person visits.
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Earlier studies have reported that virtual clinics are associated
with high patient/physician satisfaction [6-8,25,26], and findings
have supported the effectiveness of virtual consultations in
various practices [27-34]. Although teleconsultations or virtual
clinics are not novel concepts, the growth of this type of health
care service was slow in Taiwan owing to restrictive regulations
prior to the COVID-19 pandemic. Our findings show that the
utilization of virtual outpatient clinics was still limited even in
the modern, high-income, capital city of Taiwan with a high
penetration rate of smartphone use and broadband internet,
implying that telemedicine may still have a long way to go to
be widely accepted. Therefore, it is of great importance to
investigate the factors impacting the utilization of virtual clinics
in order to accelerate the implementation of telemedicine,
especially in countries in which telemedicine services are
currently underused.
Older age has been widely recognized as a barrier to adopting
telemedicine in previous research [11,12,35-37]. However, no
significant difference in patient age between the virtual visit
and in-person visit groups was found in our study. Interestingly,
some previous studies have found that age does not have a
significant influence on a patient’s willingness to conduct
telemedicine consultations [38,39], which may explain our
finding. There are several additional possible reasons for our
finding. First, as is common in Asian cultures, elderly patients
are commonly cared for by family members who can provide
assistance in using the telemedicine platform. Second, since
chronic diseases were shown to be positively associated with
the use of virtual clinics in our study, the higher prevalence of
chronic diseases in the elderly may have contributed to their
seeking of virtual clinic services. Finally, with the advances of
smartphone technology, telemedicine is easier to use and more
accessible than ever. Prior studies have shown that smartphone
device usage is high even in people of older age [37,40]. For
elderly people, lack of appropriate equipment and lack of
exposure to new technology have been identified as significant
barriers to adopting telemedicine [35]; therefore, the ease of
use of the smartphone platform used in our study may be
beneficial for elderly patients to complete a virtual visit.
Although patient sex was not associated with the utilization of
telemedicine in some prior research [6,9,15], a few studies did
show that being female is negatively associated with the success
rate or satisfaction of a video visit. Eberly et al [13,14] reported
that female patients are less likely to complete video visits, and
Ramaswamy et al [7] found that female patients have lower
satisfaction with video visits compared to male patients. Our
study found that female patients are more likely than male
patients to use virtual clinics. The same finding has been
reported in some previous research that showed female sex as
a positive predictor of digital health engagement behaviors and
telemedicine consultations [11,36,41].
Prior studies have shown that time- and cost-saving benefits of
telemedicine consultations are largely affected by distance from
the hospital or clinic [30,42-44]. Cannon et al [45] found that
for every 23 miles a patient resides from their clinic, patients
are 111% more likely to use telemedicine consultation [45].
Our study showed that patients who live farther away from the
hospital are more likely to replace in-person visits with virtual
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visits, which is consistent with previous research. We also found
that patients with chronic and stable diseases are more likely to
seek care by using virtual clinics. Since patients with chronic
diseases and those who need to travel extensively to access
health care are more likely to be vulnerable individuals, the
implementation of virtual clinics is particularly meaningful and
beneficial for these patient groups. Virtual health care may be
even more essential during the COVID-19 pandemic in
protecting these patients from disease exposure and decreasing
the risk of infection.
Previous studies in the United States have shown that patients
who use video visits are more likely to be White, have private
health insurance, and have a higher level of income [13,15,36].
However, since the health care system is quite different in
Taiwan, having private insurance was not a positive predictor
of the utilization of virtual clinics in our study. In Taiwan,
almost all citizens are covered by the NHI, and private insurance
seldom covers the expense of outpatient visits. Interestingly,
we found that patients are less likely to use virtual visits if the
expense is paid out of pocket, which suggests that if the medical
expense related to a visit is to be self-paid, patients would prefer
an in-person visit with the physician.
Provider resistance has been reported by studies from Ethiopia,
the United Kingdom, Australia, Iran, and the United States as
a barrier to adopting telemedicine [35]. In our study, the
physician’s age and sex did not influence the utilization of
virtual clinics, but the physician’s positive attitude toward virtual
clinics did (OR 1.50, P=.002), which supported the findings of
those prior studies. We also found that in our institution,
physicians of specific departments and subspecialties, including
the Department of Internal Medicine, the Department of
Psychiatry, and the heart center, are more likely to utilize virtual
clinics than others. Since physician-level factors accounted for
11.1% and department-level factors accounted for 21.4% of the
total variance in the utilization of virtual clinics, an increase in
the physicians’ acceptance of virtual clinic services, particularly
for physicians of certain departments, is important to further
expand such service.

Limitations and Strengths
This study had some limitations. First, demographic
characteristics, including marital status, income, race/ethnicity,
spoken language, and educational level, were not available in
our database, so we were unable to capture the influence of
these sociodemographic variables. However, although patients’
race/ethnicity and spoken language are common factors of
patient inequities and disparities in telemedicine adoption, those
factors may be not significant in Taiwanese society, as nearly
all patients in Taiwan are ethnic Chinese. In addition, some
prior studies examining various types of digital health utilization
did not observe disparities in race/ethnicity [12,46].
Second, the practice and acceptability of telemedicine and virtual
clinics may be strongly associated with the health care system
structure and the pervasiveness of technology. The health care
system of Taiwan is quite different from that in Western
countries. A major difference is the lack of a well-established
general practice and referral system in Taiwan. In large
hospitals, physicians of various specialties also take on the role
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of primary care providers and have large volumes of outpatient
visits for chronic diseases, such as diabetes, hypertension,
hyperlipidemia, and coronary artery disease. The results of our
study reflect this situation, with up to 107,910 (57.5%) of
187,742 visits during our study period having a principal
diagnosis of a major chronic disease. However, our results may
serve as a valuable reference for countries having a similar
health care system structure, especially in East Asia.
Third, the study data were collected from a single hospital,
limiting generalizability to different types of practices and
organizations. However, to increase the relevance of study
findings outside of the current institutional setting and practice,
a multilevel analytic methodology was emphasized, which can
be applied to different study cohorts and practice settings.
Despite these limitations, our study is unique in the following
ways: First, unlike most of the virtual clinic studies conducted
during the COVID-19 pandemic with lockdown or
shelter-in-place orders and restrictions of regular medical
services [6,7,12-15,36,47], our study was conducted with the
background that virtual clinics and in-person clinics were both
equally and easily accessible and the utilization of virtual clinics
was not largely affected by the pandemic. Second, unlike most
prior studies that focused only on patient-level variables that
may affect the use of virtual clinics [12,13,36,37,48], we used
multilevel analyses to show that insurance type, disease type,
physician’s attitude, and specialties are associated with the
utilization of virtual clinics independent of patient demographic
characteristics. Third, many prior telemedicine studies were
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small and focused on specific patient populations of 1 specific
medical specialty [6,9,10,13,25]. Our study was performed
across various specialties and departments, and the patient
volume of each virtual clinic was controlled by individual
physicians; therefore, physician-level variables could be
investigated. Finally, all our virtual visits were conducted using
a user-friendly smartphone application platform; thus, we could
greatly reduce the impact of technology-related barriers that
may strongly impact the utilization of virtual clinics.

Conclusion
In conclusion, our study demonstrates that factors at the
patient/visit level, physician level, and department level all
contribute to the utilization of virtual clinics. Female sex;
residing at a greater distance away from the hospital;
reimbursement by the NHI; seeking care for a major chronic
disease; the physician’s positive attitude toward virtual clinics;
and visits within certain departments, including the heart center,
psychiatry, and internal medicine, were positively associated
with the utilization of virtual clinics in our study. The findings
may help direct future policy for expanding the use of virtual
clinics, especially in countries struggling with the development
and promotion of telemedicine virtual clinic services. Further
studies should be conducted to evaluate the trends in and
utilization of virtual clinics in the postpandemic period in
different countries and health care systems, to examine the
effectiveness and acceptability of telemedicine as a routine
alternative practice to in-person clinics, and to investigate the
economic impact of telemedicine from the perspective of the
provider, the health care system, and society.

Conflicts of Interest
None declared.
Multimedia Appendix 1
Questionnaire of the physician survey of virtual clinic service.
[DOCX File , 21 KB - jmir_v24i8e40288_app1.docx ]
Multimedia Appendix 2
Classifications of chronic diseases defined by the Ministry of Health and Welfare of Taiwan.
[DOCX File , 29 KB - jmir_v24i8e40288_app2.docx ]
Multimedia Appendix 3
Dictionary of specific ICD-10 codes used to categorize the major chronic diseases in this study.
[XLSX File (Microsoft Excel File), 85 KB - jmir_v24i8e40288_app3.xlsx ]

References
1.

2.

3.

Bhaskar S, Bradley S, Chattu VK, Adisesh A, Nurtazina A, Kyrykbayeva S, et al. Telemedicine across the globe: position
paper from the COVID-19 Pandemic Health System Resilience PROGRAM (REPROGRAM) International Consortium
(part 1). Front Public Health 2020;8:556720 [FREE Full text] [doi: 10.3389/fpubh.2020.556720] [Medline: 33178656]
Hincapié MA, Gallego JC, Gempeler A, Piñeros JA, Nasner D, Escobar MF. Implementation and usefulness of telemedicine
during the COVID-19 pandemic: a scoping review. J Prim Care Community Health 2020;11:2150132720980612 [FREE
Full text] [doi: 10.1177/2150132720980612] [Medline: 33300414]
Haider Z, Aweid B, Subramanian P, Iranpour F. Telemedicine in orthopaedics during COVID-19 and beyond: a systematic
review. J Telemed Telecare 2022 Jul 06;28(6):391-403 [FREE Full text] [doi: 10.1177/1357633X20938241] [Medline:
32762270]

https://www.jmir.org/2022/8/e40288

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e40288 | p.616
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
4.

5.
6.

7.

8.

9.

10.

11.

12.

13.

14.

15.

16.

17.

18.
19.
20.

21.

22.

23.

Mann DM, Chen J, Chunara R, Testa PA, Nov O. COVID-19 transforms health care through telemedicine: evidence from
the field. J Am Med Inform Assoc 2020 Jul 01;27(7):1132-1135 [FREE Full text] [doi: 10.1093/jamia/ocaa072] [Medline:
32324855]
Fu R, Sutradhar R, Li Q, Eskander A. Virtual and in-person visits by Ontario physicians in the COVID-19 era. J Telemed
Telecare 2022 Mar 16:1357633X2210864. [doi: 10.1177/1357633x221086447]
Hobson S, Aleem IS, Bice MJ, Butt BB, Bydon M, Elder BD, et al. A multicenter evaluation of the feasibility, patient/provider
satisfaction, and value of virtual spine consultation during the COVID-19 pandemic. World Neurosurg 2021
Oct;154:e781-e789 [FREE Full text] [doi: 10.1016/j.wneu.2021.08.004] [Medline: 34389525]
Ramaswamy A, Yu M, Drangsholt S, Ng E, Culligan PJ, Schlegel PN, et al. Patient satisfaction with telemedicine during
the COVID-19 pandemic: retrospective cohort study. J Med Internet Res 2020 Sep 09;22(9):e20786 [FREE Full text] [doi:
10.2196/20786] [Medline: 32810841]
Gillman-Wells CC, Sankar TK, Vadodaria S. COVID-19 reducing the risks: telemedicine is the new norm for surgical
consultations and communications. Aesthetic Plast Surg 2021 Feb;45(1):343-348 [FREE Full text] [doi:
10.1007/s00266-020-01907-8] [Medline: 32885319]
Fassas S, Cummings E, Sykes KJ, Bur AM, Shnayder Y, Kakarala K. Telemedicine for head and neck cancer surveillance
in the COVID-19 era: promise and pitfalls. Head Neck 2021 Jun;43(6):1872-1880 [FREE Full text] [doi: 10.1002/hed.26659]
[Medline: 33660409]
Adams L, Lester S, Hoon E, van der Haak H, Proudman C, Hall C, et al. Patient satisfaction and acceptability with telehealth
at specialist medical outpatient clinics during the COVID-19 pandemic in Australia. Intern Med J 2021 Jul;51(7):1028-1037
[FREE Full text] [doi: 10.1111/imj.15205] [Medline: 34213046]
Ratcliff CL, Krakow M, Greenberg-Worisek A, Hesse BW. Digital health engagement in the US population: insights from
the 2018 Health Information National Trends Survey. Am J Public Health 2021 Jul;111(7):1348-1351. [doi:
10.2105/AJPH.2021.306282] [Medline: 34014759]
Nguyen OT, Watson AK, Motwani K, Warpinski C, McDilda K, Leon C, et al. Patient-level factors associated with utilization
of telemedicine services from a free clinic during COVID-19. Telemed J E Health 2022 Apr;28(4):526-534. [doi:
10.1089/tmj.2021.0102] [Medline: 34255572]
Eberly LA, Khatana SAM, Nathan AS, Snider C, Julien HM, Deleener ME, et al. Telemedicine outpatient cardiovascular
care during the COVID-19 pandemic: bridging or opening the digital divide? Circulation 2020 Aug 04;142(5):510-512
[FREE Full text] [doi: 10.1161/CIRCULATIONAHA.120.048185] [Medline: 32510987]
Eberly LA, Kallan MJ, Julien HM, Haynes N, Khatana SAM, Nathan AS, et al. Patient characteristics associated with
telemedicine access for primary and specialty ambulatory care during the COVID-19 pandemic. JAMA Netw Open 2020
Dec 01;3(12):e2031640 [FREE Full text] [doi: 10.1001/jamanetworkopen.2020.31640] [Medline: 33372974]
Rodriguez JA, Betancourt JR, Sequist TD, Ganguli I. Differences in the use of telephone and video telemedicine visits
during the COVID-19 pandemic. Am J Manag Care 2021 Jan;27(1):21-26 [FREE Full text] [doi: 10.37765/ajmc.2021.88573]
[Medline: 33471458]
Zhu C, Williamson J, Lin A, Bush K, Hakim A, Upadhyaya K, et al. Implications for telemedicine for surgery patients after
COVID-19: survey of patient and provider experiences. Am Surg 2020 Aug 17;86(8):907-915. [doi:
10.1177/0003134820945196] [Medline: 32805123]
Yip MP, Chang AM, Chan J, MacKenzie AE. Development of the Telemedicine Satisfaction Questionnaire to evaluate
patient satisfaction with telemedicine: a preliminary study. J Telemed Telecare 2003;9(1):46-50. [doi:
10.1258/135763303321159693] [Medline: 12641893]
Parmanto B, Lewis AN, Graham KM, Bertolet MH. Development of the Telehealth Usability Questionnaire (TUQ). Int J
Telerehabil 2016;8(1):3-10 [FREE Full text] [doi: 10.5195/ijt.2016.6196] [Medline: 27563386]
Langbecker D, Caffery LJ, Gillespie N, Smith AC. Using survey methods in telehealth research: a practical guide. J Telemed
Telecare 2017 Oct;23(9):770-779. [doi: 10.1177/1357633X17721814] [Medline: 28728502]
Agency for Healthcare Research and Quality. Healthcare Cost and Utilization Project (HCUP): Chronic Condition Indicators
for ICD-10-CM (beta version). 2020. URL: http://www.hcup-us.ahrq.gov/toolssoftware/chronic_icd10/chronic_icd10.jsp
[accessed 2022-08-01]
Merlo J, Chaix B, Ohlsson H, Beckman A, Johnell K, Hjerpe P, et al. A brief conceptual tutorial of multilevel analysis in
social epidemiology: using measures of clustering in multilevel logistic regression to investigate contextual phenomena. J
Epidemiol Community Health 2006 Apr;60(4):290-297 [FREE Full text] [doi: 10.1136/jech.2004.029454] [Medline:
16537344]
Murphy M, Scott LJ, Salisbury C, Turner A, Scott A, Denholm R, et al. Implementation of remote consulting in UK primary
care following the COVID-19 pandemic: a mixed-methods longitudinal study. Br J Gen Pract 2021;71(704):e166-e177
[FREE Full text] [doi: 10.3399/BJGP.2020.0948] [Medline: 33558332]
Blue R, Yang AI, Zhou C, De Ravin E, Teng CW, Arguelles GR, et al. Telemedicine in the era of coronavirus disease 2019
(COVID-19): a neurosurgical perspective. World Neurosurg 2020 Jul;139:549-557 [FREE Full text] [doi:
10.1016/j.wneu.2020.05.066] [Medline: 32426065]

https://www.jmir.org/2022/8/e40288

XSL• FO
RenderX

Tzeng et al

J Med Internet Res 2022 | vol. 24 | iss. 8 | e40288 | p.617
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
24.
25.

26.

27.

28.
29.

30.

31.

32.

33.
34.

35.

36.
37.

38.

39.

40.

41.

42.
43.

44.

Hemingway JF, Singh N, Starnes BW. Emerging practice patterns in vascular surgery during the COVID-19 pandemic. J
Vasc Surg 2020 Aug;72(2):396-402 [FREE Full text] [doi: 10.1016/j.jvs.2020.04.492] [Medline: 32361072]
Melian C, Frampton C, Wyatt MC, Kieser D. Teleconsultation in the management of elective orthopedic and spinal conditions
during the COVID-19 pandemic: prospective cohort study of patient experiences. JMIR Form Res 2021 Jun 15;5(6):e28140
[FREE Full text] [doi: 10.2196/28140] [Medline: 34048355]
Orrange S, Patel A, Mack WJ, Cassetta J. Patient satisfaction and trust in telemedicine during the COVID-19 pandemic:
retrospective observational study. JMIR Hum Factors 2021 Apr 22;8(2):e28589 [FREE Full text] [doi: 10.2196/28589]
[Medline: 33822736]
Lin JC, Mclaughlin D, Zurawski D, Kennedy N, Kabbani L. Comparison of virtual visit versus traditional clinic for
management of varicose veins. J Telemed Telecare 2020 Sep 20;26(1-2):100-104. [doi: 10.1177/1357633X18797181]
[Medline: 30235968]
Zholudev V, Safir IJ, Painter MN, Petros JA, Filson CP, Issa MM. Comparative cost analysis: teleurology vs conventional
face-to-face clinics. Urology 2018 Mar;113:40-44. [doi: 10.1016/j.urology.2017.07.034] [Medline: 28780298]
De Guzman KR, Snoswell CL, Caffery LJ, Smith AC. Economic evaluations of videoconference and telephone consultations
in primary care: a systematic review. J Telemed Telecare 2021 Oct 07:1357633X211043380. [doi:
10.1177/1357633X211043380] [Medline: 34617819]
Buvik A, Bergmo TS, Bugge E, Smaabrekke A, Wilsgaard T, Olsen JA. Cost-effectiveness of telemedicine in remote
orthopedic consultations: randomized controlled trial. J Med Internet Res 2019 Feb 19;21(2):e11330 [FREE Full text] [doi:
10.2196/11330] [Medline: 30777845]
de Jong MJ, van der Meulen-de Jong AE, Romberg-Camps MJ, Becx MC, Maljaars JP, Cilissen M, et al. Telemedicine
for management of inflammatory bowel disease (myIBDcoach): a pragmatic, multicentre, randomised controlled trial.
Lancet 2017 Sep 02;390(10098):959-968. [doi: 10.1016/S0140-6736(17)31327-2] [Medline: 28716313]
Fortney JC, Pyne JM, Kimbrell TA, Hudson TJ, Robinson DE, Schneider R, et al. Telemedicine-based collaborative care
for posttraumatic stress disorder: a randomized clinical trial. JAMA Psychiatry 2015 Jan;72(1):58-67. [doi:
10.1001/jamapsychiatry.2014.1575] [Medline: 25409287]
Portnoy JM, Waller M, De Lurgio S, Dinakar C. Telemedicine is as effective as in-person visits for patients with asthma.
Ann Allergy Asthma Immunol 2016 Sep;117(3):241-245. [doi: 10.1016/j.anai.2016.07.012] [Medline: 27613456]
Viers BR, Lightner DJ, Rivera ME, Tollefson MK, Boorjian SA, Karnes RJ, et al. Efficiency, satisfaction, and costs for
remote video visits following radical prostatectomy: a randomized controlled trial. Eur Urol 2015 Oct;68(4):729-735. [doi:
10.1016/j.eururo.2015.04.002] [Medline: 25900782]
Scott Kruse C, Karem P, Shifflett K, Vegi L, Ravi K, Brooks M. Evaluating barriers to adopting telemedicine worldwide:
a systematic review. J Telemed Telecare 2018 Jan;24(1):4-12 [FREE Full text] [doi: 10.1177/1357633X16674087] [Medline:
29320966]
Luo J, Tong L, Crotty BH, Somai M, Taylor B, Osinski K, et al. Telemedicine adoption during the COVID-19 pandemic:
gaps and inequalities. Appl Clin Inform 2021 Aug;12(4):836-844. [doi: 10.1055/s-0041-1733848] [Medline: 34496419]
Scherer J, Osterhoff G, Kaufmann E, Estel K, Neuhaus V, Willy C, et al. What is the acceptance of video consultations
among orthopedic and trauma outpatients? A multi-center survey in 780 outpatients. Injury 2021 Nov;52(11):3304-3308
[FREE Full text] [doi: 10.1016/j.injury.2021.02.023] [Medline: 33648741]
Almathami HKY, Win KT, Vlahu-Gjorgievska E. Barriers and facilitators that influence telemedicine-based, real-time,
online consultation at patients' homes: systematic literature review. J Med Internet Res 2020 Feb 20;22(2):e16407 [FREE
Full text] [doi: 10.2196/16407] [Medline: 32130131]
Roettl J, Bidmon S, Terlutter R. What predicts patients' willingness to undergo online treatment and pay for online treatment?
Results from a web-based survey to investigate the changing patient-physician relationship. J Med Internet Res 2016 Feb
04;18(2):e32 [FREE Full text] [doi: 10.2196/jmir.5244] [Medline: 26846162]
Pozza ED, D'Souza GF, DeLeonibus A, Fabiani B, Gharb BB, Zins JE. Patient satisfaction with an early smartphone-based
cosmetic surgery postoperative follow-up. Aesthet Surg J 2017 Dec 13;38(1):101-109. [doi: 10.1093/asj/sjx079] [Medline:
29117293]
Solans O, Vidal-Alaball J, Roig Cabo P, Mora N, Coma E, Bonet Simó JM, et al. Characteristics of citizens and their use
of teleconsultations in primary care in the Catalan public health system before and during the COVID-19 pandemic:
retrospective descriptive cross-sectional study. J Med Internet Res 2021 May 27;23(5):e28629 [FREE Full text] [doi:
10.2196/28629] [Medline: 33970867]
Paquette S, Lin JC. Outpatient telemedicine program in vascular surgery reduces patient travel time, cost, and environmental
pollutant emissions. Ann Vasc Surg 2019 Aug;59:167-172. [doi: 10.1016/j.avsg.2019.01.021] [Medline: 31077768]
Philips R, Seim N, Matrka L, Locklear B, Moberly AC, Inman M, et al. Cost savings associated with an outpatient
otolaryngology telemedicine clinic. Laryngoscope Investig Otolaryngol 2019 Apr 14;4(2):234-240 [FREE Full text] [doi:
10.1002/lio2.244] [Medline: 31024993]
Dullet NW, Geraghty EM, Kaufman T, Kissee JL, King J, Dharmar M, et al. Impact of a university-based outpatient
telemedicine program on time savings, travel costs, and environmental pollutants. Value Health 2017 Apr;20(4):542-546
[FREE Full text] [doi: 10.1016/j.jval.2017.01.014] [Medline: 28407995]

https://www.jmir.org/2022/8/e40288

XSL• FO
RenderX

Tzeng et al

J Med Internet Res 2022 | vol. 24 | iss. 8 | e40288 | p.618
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
45.
46.

47.

48.

Tzeng et al

Canon S, Shera A, Patel A, Zamilpa I, Paddack J, Fisher PL, et al. A pilot study of telemedicine for post-operative urological
care in children. J Telemed Telecare 2014 Dec;20(8):427-430. [doi: 10.1177/1357633X14555610] [Medline: 25316038]
Lyerly MJ, Wu T, Mullen MT, Albright KC, Wolff C, Boehme AK, et al. The effects of telemedicine on racial and ethnic
disparities in access to acute stroke care. J Telemed Telecare 2016 Mar;22(2):114-120 [FREE Full text] [doi:
10.1177/1357633X15589534] [Medline: 26116854]
Sallam A, Shang M, Vallabhajosyula I, Mori M, Chinian R, Assi R, et al. Telemedicine in the era of coronavirus 19:
implications for postoperative care in cardiac surgery. J Card Surg 2021 Oct;36(10):3731-3737 [FREE Full text] [doi:
10.1111/jocs.15875] [Medline: 34338360]
Sankaran J, Menachery SM, Bradshaw RD. Patient interest in video integration for after-hours telemedicine. J Am Board
Fam Med 2020 Sep 28;33(5):765-773 [FREE Full text] [doi: 10.3122/jabfm.2020.05.190362] [Medline: 32989071]

Abbreviations
EMR: electronic medical record
HIS: hospital information system
ICD-10: International Classification of Diseases 10th Revision
NHI: National Health Insurance
OR: odds ratio

Edited by T Leung; submitted 14.06.22; peer-reviewed by L Tong; comments to author 06.07.22; revised version received 25.07.22;
accepted 31.07.22; published 12.08.22.
Please cite as:
Tzeng YH, Yin WH, Lin KC, Wei J, Liou HR, Sung HJ, Lang HC
Factors Associated With the Utilization of Outpatient Virtual Clinics: Retrospective Observational Study Using Multilevel Analysis
J Med Internet Res 2022;24(8):e40288
URL: https://www.jmir.org/2022/8/e40288
doi:10.2196/40288
PMID:35917486

©Yun-Hsuan Tzeng, Wei-Hsian Yin, Kuan-Chia Lin, Jeng Wei, Hao-Ren Liou, Hung-Ju Sung, Hui-Chu Lang. Originally
published in the Journal of Medical Internet Research (https://www.jmir.org), 12.08.2022. 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/2022/8/e40288

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e40288 | p.619
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Lin et al

Original Paper

Barriers and Facilitators to the Implementation of Family-Centered
Technology in Complex Care: Feasibility Study
Jody L Lin1, MD, MS; Bernd Huber2, PhD; Ofra Amir3, PhD; Sebastian Gehrmann2, PhD; Kimberly S Ramirez4, BS;
Kimberly M Ochoa4, BA; Steven M Asch5,6, MD, MPH; Krzysztof Z Gajos2, PhD; Barbara J Grosz2, PhD; Lee M
Sanders4, MD, MPH
1

Department of Pediatrics, University of Utah School of Medicine, Salt Lake City, UT, United States

2

John A Paulson School of Engineering and Applied Sciences, Harvard University, Allston, MA, United States

3

Faculty of Industrial Engineering and Management, Technion – Israel Institute of Technology, Haifa, Israel

4

Department of Pediatrics, Stanford University School of Medicine, Palo Alto, CA, United States

5

Center for Innovation to Implementation, Veterans Affairs Palo Alto Health Care System, Palo Alto, CA, United States

6

Primary Care and Population Health, Stanford University School of Medicine, Palo Alto, CA, United States

Corresponding Author:
Jody L Lin, MD, MS
Department of Pediatrics
University of Utah School of Medicine
100 Mario Capecchi Drive
Salt Lake City, UT, 84114
United States
Phone: 1 801 662 3645
Email: jody.lin@hsc.utah.edu

Abstract
Background: Care coordination is challenging but crucial for children with medical complexity (CMC). Technology-based
solutions are increasingly prevalent but little is known about how to successfully deploy them in the care of CMC.
Objective: The aim of this study was to assess the feasibility and acceptability of GoalKeeper (GK), an internet-based system
for eliciting and monitoring family-centered goals for CMC, and to identify barriers and facilitators to implementation.
Methods: We used the Consolidated Framework for Implementation Research (CFIR) to explore the barriers and facilitators
to the implementation of GK as part of a clinical trial of GK in ambulatory clinics at a children’s hospital (NCT03620071). The
study was conducted in 3 phases: preimplementation, implementation (trial), and postimplementation. For the trial, we recruited
providers at participating clinics and English-speaking parents of CMC<12 years of age with home internet access. All participants
used GK during an initial clinic visit and for 3 months after. We conducted preimplementation focus groups and postimplementation
semistructured exit interviews using the CFIR interview guide. Participant exit surveys assessed GK feasibility and acceptability
on a 5-point Likert scale. For each interview, 3 independent coders used content analysis and serial coding reviews based on the
CFIR qualitative analytic plan and assigned quantitative ratings to each CFIR construct (–2 strong barrier to +2 strong facilitator).
Results: Preimplementation focus groups included 2 parents (1 male participant and 1 female participant) and 3 providers (1
in complex care, 1 in clinical informatics, and 1 in neurology). From focus groups, we developed 3 implementation strategies:
education (parents: 5-minute demo; providers: 30-minute tutorial and 5-minute video on use in a clinic visit; both: instructional
manual), tech support (in-person, virtual), and automated email reminders for parents. For implementation (April 1, 2019, to
December 21, 2020), we enrolled 11 providers (7 female participants, 5 in complex care) and 35 parents (mean age 38.3, SD 7.8
years; n=28, 80% female; n=17, 49% Caucasian; n=16, 46% Hispanic; and n=30, 86% at least some college). One parent-provider
pair did not use GK in the clinic visit, and few used GK after the visit. In 18 parent and 9 provider exit interviews, the key
facilitators were shared goal setting, GK’s internet accessibility and email reminders (parents), and GK’s ability to set long-term
goals and use at the end of visits (providers). A key barrier was GK’s lack of integration into the electronic health record or patient
portal. Most parents (13/19) and providers (6/9) would recommend GK to their peers.
Conclusions: Family-centered technologies like GK are feasible and acceptable for the care of CMC, but sustained use depends
on integration into electronic health records.
Trial Registration: ClinicalTrials.gov NCT03620071; https://clinicaltrials.gov/ct2/show/NCT03620071
https://www.jmir.org/2022/8/e30902
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Introduction
Defined by high service needs, high resource use, and functional
disability, children with medical complexity (CMC) represent
a disproportionately high share of pediatric care use but receive
poor quality care when compared to their noncomplex
counterparts [1-6]. CMC often require care coordination across
multiple health care systems with a large care team that includes
professional care providers, adult caregivers, and community
agencies. Care coordination through multidisciplinary care
teams centered around a patient-centered and family-centered
medical home may improve outcomes for CMC but can be
resource-intensive [7,8]. Moreover, many CMC access care
across multiple health systems, receive care in resource-limited
settings, and do not live adjacent to a tertiary pediatric center
where many of these clinics are based, making scalability of
these innovative teams difficult. Health care that is centered
around shared goal-setting is a commonly proposed approach
to coordinate care for CMC to improve clinical decision-making,
family engagement, and health outcomes [9,10]. Although prior
studies have deployed multidisciplinary teams to create shared
care plans, few studies exist for effective and scalable tools to
facilitate shared goal setting [8,11]. For children with
noncomplex chronic conditions (eg, asthma, type 1 diabetes),
mobile health technologies may provide efficacious ways to
manage chronic medical conditions for children. These positive
outcomes may translate to the care of CMC but to do so may
also need to overcome additional challenges such as team
hierarchies, loosely coupled teams, and asynchronous time
scales among providers [12-14]. Many of these challenges affect
the implementation of mobile health tools, which is essential
for even the most efficacious tools.
In this study, we evaluated the implementation of an
internet-based shared goal-setting tool (GoalKeeper) into the
care of CMC. GoalKeeper is an internet-based tool developed
by the study team to improve shared goal setting between
parents and providers of CMC, and designed through interviews
and iterative prototyping with this population. GoalKeeper
consists of 2 modules: goal elicitation and tracking. The goal
elicitation module is meant to be used jointly by parents and
providers during a clinic visit to set family-centered goals and
is shown in Figure S1 of Multimedia Appendix 1. During goal
elicitation, parents and providers are prompted verbally and
visually to share the screen and use verbal prompts on the screen
to set goals. The first set of prompts asks for the parent’s
wishes/worries/concerns for their child’s health care and the
second set of prompts helps the parents and providers set
specific, measurable, and timebound goals based on the
wishes/worries/concerns. A third subsection of this module
provides sample goals as inspiration. The tracking module
includes customizable templates that providers could assign to
https://www.jmir.org/2022/8/e30902
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parents to use to track their child’s symptoms and daily progress
relevant to the goals they set. After setting goals with their
patient’s parents, the providers could assign tracking templates
relevant to these goals for parents to use in longitudinal
symptom tracking during the trial. GoalKeeper was designed
to be outside the electronic health record (EHR) to allow for
rapid design modifications and to enable thorough assessment
of effectiveness before potential future integration into the EHR.
To facilitate the integration of the entered data into the EHR,
the final screen of the goal-setting module also presents the data
(ie, the wishes/worries/concerns and the goals) as a block text
with a button to copy the text for easy pasting into the EHR.
Parents and providers had distinct interfaces where they could
view and input data. Providers could create new goals and
tracking forms, while parents could view set goals and input
data into the tracking templates. Additional details about
GoalKeeper can be found in our forthcoming companion
manuscripts (B Huber et al, unpublished data, 2022, and J Lin
et al, unpublished data, 2021).
To illustrate how GoalKeeper works, we will consider a sample
patient, Alex, a 7-year-old child with medical complexity who
arrives at the clinic with his parents. In response to the first
verbal prompt, his parents state they worry about Alex not
attending school and not sleeping enough. At the next prompt,
Alex’s parents struggle to identify a specific goal; therefore,
they turn to the sample goals for inspiration. After viewing
sample goals focused on child development and discussion with
their provider, they set a goal that, “Alex could be more awake
during school based on adjustment of seizure medicines in the
next two months.” Alex’s provider assigns a tracking template
to measure school attendance and quality of sleep.
Nested within a larger effectiveness trial of the tool, this study
aims to assess the barriers and facilitators of implementation of
the GoalKeeper tool by using the Consolidated Framework for
Implementation Research (CFIR) implementation framework.
The CFIR is widely used to identify barriers and facilitators of
implementation, including in health communication and adult
and child chronic illness [15-18]. The CFIR contains 5 domains
that interact to influence implementation effectiveness: inner
setting, outer setting, characteristics of the individuals involved,
intervention characteristics, and implementation process, with
multiple constructs nested in each domain [15].

Methods
Study Design
This study is a prospective study of the implementation of a
novel internet-based family-centered care plan called
GoalKeeper nested under a prospective, stepped-wedge trial of
GoalKeeper at a tertiary children’s health system, Lucile Packard
Children’s Hospital Stanford. Details about the intervention
J Med Internet Res 2022 | vol. 24 | iss. 8 | e30902 | p.621
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design and results from the main trial are published in upcoming
companion manuscripts (B Huber et al, unpublished data, 2022,
and J Lin et al, unpublished data, 2021). Information about
GoalKeeper is available through data-sharing requests directed
to lsanders@stanford.edu. This study was conducted in 3 phases:
preimplementation, implementation, and postimplementation.
We selected a 3-phase approach, as the application of
implementation science throughout intervention development
is associated with increased success of implementation [18].
We selected the CFIR framework owing to its flexibility in
assessing both the process of implementation and the barriers
and facilitators to implementation, its use in formative
evaluations at the preimplementation phase, and owing to the
lack of effectiveness data of the novel tool used in the trial, as
proven effectiveness is a key element of other implementation
frameworks, whereas our trial evaluated the effectiveness of
the tool with a secondary focus on implementation [16,19].
In the preimplementation phase, we conducted user testing in
3 stages of tool development: (1) early: parent and provider
focus groups; (2) mid: individual role-play sessions and
interviews using screen by screen feedback, hands-on, and
think-aloud; and (3) late: pilot testing at Complex Primary Care
Clinic (CPCC) with parents using GoalKeeper for a month after
their clinic visit, instructing them to use GoalKeeper at least 3
times a week, followed by an exit interview. Focus groups and
interviews used the CFIR interview guide questions to explore
barriers and facilitators to the implementation of GoalKeeper.
In the implementation phase, we implemented GoalKeeper at
CPCC and pediatric neurology clinics by using implementation
strategies informed by preimplementation focus groups. We
recruited parent participants from the clinic of each enrolled
provider for 3 weeks. Each parent was asked to use GoalKeeper
with their provider at their enrollment clinic visit and for 3
months after the initial visit. At the end of the study, participants
completed a postimplementation semistructured interview and
survey.

Ethical Considerations
This study was approved by the Stanford University's Single
Institutional Review Board (Protocol # 32161) and is registered
on ClinicalTrials.gov (NCT03620071).

Study Population
For preimplementation focus groups and interviews, we
recruited parents of CMC seen at Stanford by using a
convenience sample of parents at CPCC. We selected providers
from clinics planned for trial recruitment, CPCC and pediatric
neurology, the hospital medicine team with specialization in
caring for CMC, and a provider with expertise in clinical
informatics for feedback on workflow integration. For the
implementation phase, we recruited medical providers
(physicians, nurse practitioners, physician assistants) from 2
clinical services that see the highest proportion of CMC: CPCC
and pediatric neurology (2 clinics that historically care for many
CMC). All providers at these clinics were eligible for
recruitment. Based on prior work, goal setting was not routine
practice in these clinics [14]. From the patients seen by enrolled
providers, we recruited a convenience sample of primary
caregivers (eg, parents). Parents were eligible if they were aged
https://www.jmir.org/2022/8/e30902
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≥18 years, English-speaking, and with a child with medical
complexity <12 years presenting for a routine (not sick) visit.
Parents who did not have home access to the internet were
excluded. We excluded older children, who may have the
capacity to participate in decision-making, since the tool was
not designed for interaction with children [20]. We defined
medical complexity as meeting all of the following criteria in
the past 12 months: ambulatory visits with at least 2 subspecialty
providers and functional impairment due to a chronic condition
[21]. Recruitment occurred solely in-person, but due to the
COVID-19 pandemic, recruitment was paused between March
13 and July 20, 2020. We did not pursue remote recruitment
owing to concerns of intervention fidelity because GoalKeeper
was designed to be used jointly by the provider and parents
during a clinical encounter.

Measures and Outcomes
We focused on 3 of the 5 CFIR domains: intervention
characteristics (GoalKeeper), inner setting (CPCC and pediatric
neurology clinics), and characteristics of individuals involved
(parents and providers of CMC). We used an adapted version
of the CFIR interview guide focus groups and interviews to
inform our approach for implementation of GoalKeeper [15,22].
The CFIR interview guide contains open-ended interview
questions organized by the CFIR domain and construct. To limit
interview length, the entire study team reviewed the interview
guide together and selected questions based on constructs that
we felt were the most relevant to our study. All focus groups
and interviews were audio recorded and transcribed for
subsequent review.
In the preimplementation phase, we conducted focus groups in
person with study team members as observers. Focus groups
included a project overview, a demonstration of the current
intervention prototype, open feedback about the intervention,
and semistructured questions. In the implementation phase, we
collected user data from all participants, including number of
goals set, types of goals set, and number of data entries after
the encounter. We assessed feasibility based on the proportion
of the intervention group who used GoalKeeper during the
clinical encounter. In the postimplementation phase, we
conducted individual exit interviews with parent and provider
participants. We assessed acceptability by using a 5-point Likert
scale to determine whether GoalKeeper was useful and fit into
the clinic workflow.

Analysis
For preimplementation focus groups, all study team members
collectively synthesized the key facilitators, barriers, and design
considerations immediately after each focus group and interview
and at weekly team meetings after reviewing the transcripts.
Postimplementation exit interviews were analyzed using the
CFIR qualitative analytic approach that starts with deductive
coding to apply the CFIR as a coding framework and then
applies inductive methods by using open, axial, and selective
coding to create new codes and ultimately themes that arose
from the data [23]. Three independent coders (authors JLL,
KSR, and KMO) analyzed each transcript. After coding each
transcript, the coders independently rated each represented CFIR
construct on a scale of –2 (strong barrier to implementation) to
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+2 (strong facilitator to implementation) based on the CFIR
analytic approach and calculated the overall ratings for all
transcripts based on the median rating. At serial coding reviews,
we reviewed codes and CFIR ratings to reach consensus and
generated themes based off the transcripts. We calculated means
and SDs for the feasibility and acceptability measures and
logged data. We compared participant characteristics between
parents who were interviewed and those who were not by using
chi-square tests for categorical variables and 2-sided Student t
test for continuous variables with a significance level of P≤.10.

Results
Preimplementation Results
For the preimplementation phase, in the early design stage, we
conducted 1 provider focus group and 1 parent focus group.
The provider focus group consisted of 3 physicians with
specialties in general pediatrics, pediatric neurology, and clinical
informatics. The parent focus group consisted of 2 parents of
CMC. In the middesign stage, we conducted role-play sessions
with 2 providers (1 complex care, 1 hospitalist) and interviewed
3 parents and 1 neurologist. In the late design stage, 2 parents
pilot-tested GoalKeeper. From these focus groups and
interviews, we devised 3 implementation strategies based on
those previously tested by other studies: educational materials,
individual technical assistance, and automated email reminders
to parent participants [22].

Implementation Results
During the implementation phase, participants received
educational materials, including paper and electronic copies of
an instructional manual on GoalKeeper, with parent and provider
versions. Parents also received a 5-minute in-person overview
of GoalKeeper, while providers received a 30-minute overview,
including a 5-minute educational video on using GoalKeeper
during a clinic visit. A member of the study team was available
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for in-person individual technical assistance in clinic and
reachable by email or phone outside of clinic but did not attend
the clinic visit with intervention participants. Parent participants
received automated weekly email reminders to log into
GoalKeeper and track their progress on the goals that were set.
Email frequency was set at 1 week by default, but the reminder
frequency could be modified by parents, including turning
reminders off.
We enrolled 11 providers and 35 parents (15 from complex care
and 20 from neurology) in the intervention arm of the trial. The
providers were mostly physicians (9/11, 82%), mostly female
(7/11, 64%), and pediatric neurologists (6/11, 54%). Parents
had a mean age of 38.3 (SD 7.8) years, were mostly female
(28/35, 80%), primarily identified as White (17/35, 49%), almost
half identified as of Hispanic ethnicity (16/35, 46%), with a
mean household size of 4.1 (SD 1.0), were married (23/35,
66%), and had at least some college education (86%). Children
of participants had a mean age of 5.9 (SD 3.8) years, 18 (51%)
identified as White, 16 (46%) as Hispanic, 25 (71%) were
followed by a neurologist, 20 (57%) had technology dependence,
and 20 (57%) had neurodevelopmental delay. A total of 16
parents were lost to follow-up: 7 at the 1-month follow-up and
9 at the 3-month follow-up; 9 providers and 19 parents
completed exit surveys, and 9 providers and 18 parents (7
CPCC, 11 neurology) completed exit interviews. Parent,
provider, and child characteristics can be found in Tables 1-3,
respectively.
During the initial clinic visit at the start of the study, 34
parent-provider dyads completed goal setting with GoalKeeper.
For the 1 parent-provider dyad who did not complete goal
setting, the provider decided in the visit that the parent was not
a good fit to participate in the trial as the patient was revealed
during the clinic visit to have an acute medical issue that needed
to be the focus of the entire visit.
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Table 1. Parent participant characteristics.
Characteristics

Total (N=36)

Interviewed (n=19)

Not interviewed (n=17)

Age (years), mean (SD)

38.7 (7.8)

40.4 (8.4)

36.9 (7.0)

Sex (female), n (%)

28 (78)

15 (79)

13 (77)

Caucasian

17 (47)

11 (58)

6 (35)

African American

2 (6)

0 (0)

2 (12)

American Indian

1 (3)

1 (5)

0 (0)

Asian

3 (8)

2 (11)

1 (6)

Hispanic

14 (39)

4 (21)

10 (59)

Other

1 (2.8)

1 (5)

0 (0)

Medicaid

13 (36)

4 (21)

9 (53)

Private

18 (50)

11 (58)

7 (41)

State Children’s Health Insurance Program

1 (3)

0 (0)

1 (6)

Medicare

5 (14)

3 (16)

2 (12)

Other

7 (19)

6 (32)

1 (6)

Don’t know

1 (3)

0 (0)

1 (6)

Decline to answer

1 (3)

0 (0)

1 (6)

4.12 (1.0)

4.0 (1.1)

4.3 (0.9)

Single

9 (25)

3 (16)

6 (35)

Married

23 (63)

13 (68)

10 (59)

Living with partner

1 (3)

1 (5)

0 (0)

Single, divorced

1 (3)

1 (5)

0 (0)

>9th grade

1 (3)

0 (0)

1 (6)

Some high school

1 (3)

1 (5)

0 (0)

High school diploma

4 (11)

1 (5)

3 (18)

Some college

10 (28)

6 (32)

4 (24)

College degree

10 (28)

6 (32)

4 (24)

Advanced degree

7 (19)

4 (21)

3 (18)

Laptop

24 (67)

12 (63)

12 (71)

Tablet/e-reader

15 (42)

7 (37)

8 (47)

Smartphone

26 (72)

14 (74)

12 (71)

Mobile phone

7 (19)

1 (5)

6 (35)

Race/ethnicity, n (%)

Insurance, n (%)

Household size, mean (SD)
Marital status, n (%)

Education level, n (%)

Home internet access (select all), n (%)
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Table 2. Provider characteristics (n=11).
Characteristics

Value, n (%)

Sex (female)

7 (64)

Specialty
General pediatrics

5 (46)

Pediatric neurology

6 (54)

Degree
Doctor of medicine

9 (82)

Doctor of osteopathic medicine

1 (9)

Nurse practitioner

1 (9)
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Table 3. Child characteristics.
Characteristics

Total (N=36)

Interviewed (n=19)

Not interviewed (n=17)

Age (years), mean (SD)

5.8 (3.7)

5.3 (3.9)

6.3 (3.7)

Sex (female), n (%)

16 (44)

8 (42)

8 (47)

Caucasian

18 (50)

12 (63)

6 (35)

African American

1 (3)

0 (0)

1 (6)

Asian

5 (14)

3 (16)

2 (12)

American Indian

1 (3)

1 (5)

0 (0)

Hispanic

16 (44)

7 (37)

9 (53)

Other

2 (6)

1 (5)

1 (6)

Needs or uses prescription medicines

30 (83)

14 (74)

16 (94)

Needs or uses more medical care than usual

31 (86)

16 (84)

15 (88)

Functional limitations more than usual

29 (81)

15 (79)

14 (82)

Needs or uses special therapies

31 (86)

17 (90)

14 (82)

Needs or uses treatment for emotional/developmental/behavioral issues

20 (56)

12 (63)

8 (47)

Cardiology

12 (33)

6 (32)

6 (35)

Neurology

27 (75)

14 (74)

13 (77)

Pulmonology

18 (50)

10 (53)

8 (47)

Development

20 (56)

12 (63)

8 (47)

Gastroenterology

22 (61)

10 (53)

12 (71)

Occupational therapy

25 (69)

14 (74)

11 (65)

Speech therapy

15 (42)

9 (48)

6 (35)

Physical therapy

25 (69)

14 (74)

11 (65)

Other

13 (36)

8 (42)

5 (29)

Ventriculoperitoneal shunt

4 (11)

2 (11)

2 (12)

Gastrostomy tube

14 (39)

7 (37)

7 (41)

Tracheostomy

2 (6)

0 (0)

2 (12)

Other: vagal nerve stimulatora

3 (8)

3 (16)

0 (0)

None

15 (42)

7 (37)

8 (47)

Intellectual disability

18 (50)

9 (47)

9 (53)

Cerebral palsy

8 (22)

4 (21)

4 (24)

Visual impairment

7 (19)

4 (21)

3 (18)

Hearing deficit

2 (6)

0 (0)

2 (12)

None

15 (42)

7 (37)

8 (47)

Race/ethnicity, n (%)

Children with special health care needs screener, n (%)

Subspecialists, n (%)

Technology dependence, n (%)

Neurodevelopmental delay, n (%)

a

Participants who were interviewed were more likely to have a child with a vagal nerve stimulator (P=.08).
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Postimplementation Results: Feasibility and
Acceptability
Of the 19 parents who completed the exit survey, 13 (68%)
parents responded that they would recommend GoalKeeper to
other parents. Only 1 respondent would not, while others were
undecided; 6 (67%) providers would recommend GoalKeeper
to other providers. Providers commented that they would have
wanted GoalKeeper integrated into the EHR. Parents would
have wanted more options for reminders for use of the tool, 12
(86%) parents felt the tool was easy to use, 6 (75%) providers
found GoalKeeper useful, and 4 (50%) providers felt
GoalKeeper fit into their workflow. More details on the survey
results are summarized in Table S2 of Multimedia Appendix 1.
From data use logs of participant use of GoalKeeper, parents
and providers set a median of 2.5 (range 0-4) goals per initial
clinic visit, and providers assigned a median of 3 (range 0-5)
tracking templates to each parent participant. Each provider saw
a median of 2.5 (range 0-10) parent participants. After the initial
clinic visit, parents input information into GoalKeeper a median
of 0 (range 0-19) times and providers viewed tracked data a
median of 0.5 (range 0-2) times throughout the study period.
The patterns of tool use based on the number of tracking
templates created are summarized in Figure S3 of Multimedia
Appendix 1. We conducted a post hoc analysis of correlation
between the number of tracking templates used and the number

Lin et al
of times parents entered data into the tracking templates and
found a Pearson correlation coefficient of 0.41 (P=.01); 19
parents (8 CPCC and 11 neurology) did not enter any data into
the tracking templates, while 13 parents (4 CPCC and 9
neurology) entered data 1-10 times, and 3 parents all from CPCC
entered data over 10 times. Of the parents who were interviewed,
6 (1 CPCC and 5 neurology) did not enter any data, while 8 (2
CPCC and 6 neurology) entered data 1-10 times, and 3 (all
CPCC) entered data over 10 times.

Postimplementation Results: Barriers and Facilitators
Participant exit interviews covered CFIR domains of
intervention characteristics, inner setting, and characteristics of
individuals involved and their related constructs. From these
interviews, we categorized each barrier and facilitator under a
CFIR domain and construct based on topic and rated each CFIR
construct that was represented in the interviews. Participant
knowledge and beliefs about goal setting were facilitators to
implementation with a rating of +1 whereas adaptability and
compatibility were barriers, with each receiving a rating of –1.
The complete ratings are given in Table 4. Limited quotes are
provided in the text with additional quotes found in Table 5.
There were no statistically significant differences in parent or
child characteristics between those who were interviewed and
those who were not except for participants who were interviewed
were more likely to have a child with a vagal nerve stimulator
(P=.08).

Table 4. Consolidated Framework for Implementation Research ratings by construct and participant type.
Domain mean ratings (scale, –2: strong barrier; +2: strong facilitator)

Parents (n=19)

Providers (n=9)

Inner setting
Tension for change: the degree to which stakeholders perceive the current situation as intolerable or needing 1
change

0

Compatibility: the degree of tangible fit between meaning and values attached to the intervention by involved –1
individuals, how those align with individuals’ own norms, values, and perceived risks and needs, and how
the intervention fits with existing workflows and systems

–1

Characteristics of individuals
Knowledge and beliefs: individual’s attitudes toward and value placed on intervention as well as familiarity 1
with facts, truths, and principles related to the intervention

1

Individual state of change: characterization of the phase an individual is in, as he or she progresses toward
skilled, enthusiastic, and sustained use of the intervention

1

0

0

0

Complexity: perceived difficulty of implementation, reflected by duration, scope, radicalness, disruptiveness, 1
centrality, and intricacy and number of steps required to implement

0

Adaptability: the degree to which an intervention can be adapted, tailored, refined, or reinvented to meet local –1
needs

–1

Intervention characteristics
Relative advantage: stakeholder’s perception of the advantage of implementing the intervention versus an
alternative solution
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Table 5. Sample quotes and main themes for implementation.
Parents

Providers

Facilitators
Parents and providers
Goal-centered care is important to the care
“...I thought, ‘This is interesting. I think this is
of children with medical complexity (tension going to be good.’ Setting up the goals and
for change)
giving me something on my side to kind of
think about and work toward.” (Parent 1227,
age 57 years, some college)

“...I think it’s important because sometimes
the physician’s goals are not the same as the
family’s goals. And so shared decision making doesn’t always happen.” (Provider 39,
neurology)

Reminders are helpful, and more flexibility
around reminder frequency would have improved use; providers wanted limited reminders (individual state of change)

“...Mostly when I get emails from you and stuff
and it also reminds me too that I need to check
her goals and everything I have on there.”
(Parent 1494, age 29 years, high school diploma)

“...And kind of the structured way of kind of
connecting, whether it’s weekly, or daily, or
monthly, or whatever it is. To keep on something that is important for the family. I think
it is important. So that might be useful.”
(Provider 33, complex primary care clinic)

The tool helped facilitate goal-centered care “...There are so many things I need to take care
(knowledge and beliefs)
of. But then, when it comes to zeroing down
to the main thing that matters, in that way,
Goalkeeper was very helpful for me.” (Parent
1510, age unknown, college degree)

“...And so in theory, this is a really great and
I totally think that this is the way as a physician you should be thinking about it and trying to see what your family’s goals are so that
you can understand what it is that they want
you to help with.” (Provider 69, neurology)

Parents only
“...I always used to bring it in my own binder
to the doctor and it’s just a lot to carry rather
than when I just have my cell phone all the
time.” (Parent 1476, age 38 years, some college)

N/Aa

The tool should be used at end of visit to fit
into clinic workflow (compatibility)

N/A

“...I mean sometimes if it worked out that I
had to do it in the beginning of the visit because you were in the room to help me out
and things like that, I found that less desirable
than if I was able to time it toward the end of
the visit.” (Provider 50, complex primary care
clinic)

The tool opens doors in patient care that
providers otherwise would not explore
(knowledge and beliefs)

N/A

“...So what the patient or their family values
the most. So what they find most important
to them, often times that comes into quality
of life decisions, for example. So in that discussion about eating, they might value being
able to eat some or having their child being
able to eat some food more than a 50% reduction in their seizure frequency, or even being
seizure free. Whereas by default, normally I
would-- we’re very focused on seeing if we
can get to zero seizures. And knowing that
that’s the relative value that the family’s
putting on things is very, very important.
Sometimes that would mean that maybe there
is a reason why that is, or just as also just
means important that there’ll be something
to work on because there can be trade-offs
between those two things. For example,
higher doses of antiseizure medications might
cause more drooling or less ability to be
awake to eat. Does that make sense? So both
things are valuable, but which one is more
valuable to that family? And so that you can- it helps you prioritize between those two
goals or two potential actions.” (Provider 63,
neurology)

The tool could be accessed from anywhere,
but 2 parents still used other tools (relative
advantage)

Providers only

Barriers
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Parents

Providers

Parents and providers
The tool would have been easier to access if “...I think the disadvantages is having another
it was embedded in the electronic health
thing to log into. As is evidenced by the fact
record/MyChart (compatibility)
that I can’t seem to get in right now I can
barely keep all of my logins straight at the
moment but MyChart is sticky. I have to use
MyChart to keep track of-- my son has a complex medical condition, right? So between the
insurance billings and keeping the appointments straight and dealing with all the different
providers at Stanford, I’m tethered to MyChart.” (Parent 1150, age 45 years, advanced
degree)

“...The actual use of the application is a little
awkward because it requires a separate login
to the website. In terms of feedback, it would
be nice if that could be embedded in the
chart.” (Provider 63, neurology)

Lack of feedback and closed loop communication hindered frequent use of the tool due
to feelings that the other party was not using
the tool (relative advantage)

“...So I wouldn’t want to use it if that kind
of-- for some reason we’re just not getting
reliable feedback from families. If there’s not
a loop there.” (Provider 50, complex primary
care clinic)

“...So right now, being able to communicate
with the doctor and having them understand
that there is a communication between the two
of you rather than on GoalKeeper it’s only a
one-way email and then they’d have to call you
because there was no option for them to email.”
(Parent 1476, age 38 years, some college)

Parents only
Only providers could create and change goals, “...in the beginning when we first started, it
N/A
hindering parent engagement with the tool
was nice. But at the same time, as time goes
when goals became irrelevant (adaptability) by, it becomes a little bit more repetitive, especially when you’re not able to change things
unless you go to the provider’s office or speak
to the provider.” (Parent 1490, age 33 years,
some college).
Limited or unreliable internet access prevent- “...I have limited internet data on my phone.
N/A
ed constant use of the tool (adaptability)
The first time when I was able to access the
first surveys, they were easy. The alert came.
I was able to connect, and I was able to answer
the questions with no problem. Again, in my
case is not having access to technology when
make this difficult for me.” (Parent 1668, age
53 years, some college)
Providers only
When providers perceived they were already N/A
practicing goal-centered care, they felt the
tool was redundant even if they adopted aspects of the tool into their practice (relative
advantage)
a

“...I think it is something that I do regularly
as part of our visit. So I don’t know that it’s
going to change my practice or very much in
terms of goal-setting.” (Provider 42, neurology)

N/A: not applicable.

Intervention Characteristics
When compared to existing tools, parents and providers felt
that GoalKeeper was a better way to start goals-of-care
conversations. One provider shared:
I think, personally, I always phrased it in my own
clinical practice, just as, “Tell me something that is
most important to you or something that is a priority
for us to work on for your child right now.” Again,
just trying to not actually always use the word “goal”
itself. Or if you did ask what the parents’ goals were,
then providing just a little bit more of an explanation.
So I did think that, again, the wording of “wishes and
worries” I liked. It was something new for me that
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was not a wording choice I had used before [Provider
57, CPCC]
Parents and providers also felt that GoalKeeper facilitated
teamwork during and after clinic visits. Parents also liked that
GoalKeeper could be accessed from anywhere they had internet
access.
All providers and most parents felt a barrier to use of the
intervention was difficulty accessing the intervention because
the URL link was not user-friendly, and they had to access it
through a previously received email from the study team. Home
internet connectivity issues also prevented some parents from
using GoalKeeper in the follow-up period. Two parents
perceived that the goal-setting portal being provider-driven
hindered their use of the intervention because their provider
was unengaged about updating the goals after the initial visit.
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Almost all parents and providers felt there was a need for more
shared goal setting in their current clinical care, which they felt
promoted improved parent-provider engagement particularly
for patients with more active complex medical issues. Providers
overwhelmingly felt that parents of children who would need
the provider’s long-term care to be the ideal audiences for the
intervention with some providers saying that the intervention
allowed them to focus on parents’ long-term goals. Parents also
felt the intervention could fit parents of younger children who
had developmental goals such as those with prematurity or other
children with special health care needs. GoalKeeper was felt
by both providers and parents to be incompatible with existing
workflows because it was not integrated into the EHR and
patient portal. Providers felt using the intervention during the
middle or end of their visit fit better into their workflow, but
that clinic time constraints make it hard to squeeze the
intervention into the visit. Providers also wanted a
Spanish-language form of the platform to target a population
they felt is most in need of help setting goals for their child.
When using the tracking module, parents overall desired
provider feedback and communication about the information
parents entered into the intervention with 1 parenting
summarizing, “if there is no two-way communication or if there
is no template or anything set up, then the value goes down”
(Parent 1898, age 47 years, advanced degree). Parents admitted
that at times, competing priorities for their child’s health
superseded the use of GoalKeeper such as when a child became
hospitalized for an issue that was not captured in the goals they
set in GoalKeeper.

Characteristics of the Individuals Involved
All participants felt that conversations centered around
goal-setting were beneficial because they switched medical
discussions to long-term and in the context of what is important
to the family. Parents felt that the intervention shifted their
mindsets by focusing them on the main concerns for their child.
Parents felt that using the intervention made them more
confident to articulate their concerns to their providers during
the clinic visit and helped them identify to-do lists to achieve
their goals for their child, with 1 parent remarking:
So I think that that’s kind of the gift of motivation
because it’s like, “Oh, yes. We have some ability.” I
think sometimes you look at a child who has a lot of
needs and as a parent, you can get discouraged and
then think, “Okay. We’ll just do whatever the doctor
say.”...so I guess that’s a part of knowing that you
can do some things to improve your child’s life and
to reduce their sort of future medical interventions is
so helpful as a lot of parents can feel helpless with
these kind of situations [Parent 1368, age 37 years,
college degree]
Parents also remarked that GoalKeeper helped them prioritize
their child’s short- and long-term goals. Parents felt supported
and hopeful about the well-being of their child. However, most
parents and providers did not adopt the intervention in its
entirety with most participants only using the intervention during
the initial clinical encounter. One provider shared that “like
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every habit, I think it might take many repetitions to start to
want to use it regularly” (Provider 33, CPCC). Furthermore,
providers were more motivated to use the intervention if they
felt it opened new doors to insights about the patient that were
not captured in their typical clinical practice. One provider
remarked:
Well, I think there are some issues that came up and
some questions I just hadn’t asked before and a lot
of it focused around happiness and joy and things
like that that led to conversations with families I
hadn’t had before. So I think sometimes it’ll open
doors for me and the preset questions might even be
more so. It’d opened doors for me that I might not
have opened without Goalkeeper or without asking
[Provider 50, CPCC]
Two providers felt GoalKeeper was redundant to their practice
even though they integrated part of GoalKeeper into their future
practice.

Implementation Strategies
The 3 implementation strategies used during the study, that is,
educational materials, individual technical assistance, and
automated email reminders to parent participants, had varying
success. The video tutorial provided to providers was found to
be useful during the initial training, but few viewed the video
after the training. No participant used the paper manual. Few
participants used the individual technical assistant either
virtually or in person, but for those who encountered technical
issues during the visit, they found it useful with 1 provider
commenting:
I always forgot the step where I was supposed to copy
the goal and then go back to the page to add the
template. So I just felt like each time you enrolled a
patient, I was always turning back toward you to ask
if I was clicking through it correctly to actually enter
goals [Provider 57, CPCC]
Parents overwhelmingly felt that the automated email reminders
helped sustain their use of the intervention by reminding them
of the goals they set for their child and to log into the system
to use the tracking module with 1 parent remarking:
The email reminders were really great at making it
easy to just log on and track it. And then it really was
not time-consuming [Parent 1352, age 28, some
college]

Discussion
In this pilot clinical trial of a novel internet-based goal-setting
tool, we successfully implemented the tool for use during
ambulatory clinic visits to facilitate goal elicitation. However,
we did not succeed in the sustained use of the tool after the
initial clinic visit. A key facilitator to implementation was
participant value for the intervention’s stated aim:
family-centered goal setting. A key barrier to implementation
was inadequate integration with the EHR and patient portals.
Provider use of the tool was also influenced by whether they
felt the tool opened new doors to insights about the patient and
their family that they were unable to get in their usual practice
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such as the relative priority of seizure control compared to
appetite or wakefulness. Although automated email reminders
were important to sustain tool use, they were insufficient.
Parents and providers wanted a more dynamic way to
communicate about goals through the intervention with most
participants sharing that a feedback loop from the other party
would have encouraged continued tool use. One aspect of the
intervention design that is critically important is that the
English-language and internet-based platform may exacerbate
difference in care quality for minority and less-resourced
populations.
Although our findings that automated email reminders and
training are helpful implementation strategies are consistent
with the implementation of digital health tools in adult chronic
illness, we provide new insights for pediatric chronic illness
care [24]. For example, we found that parents and providers
both desired a feedback loop to sustain, which adds the caregiver
perspective to prior studies of patient-generated health
information where sustained use hinged on a tangible immediate
benefit [25]. These findings also contribute practical
considerations to the implementation of multidisciplinary care
and family-centered care plans, particularly with regard to
scalability and replicability across multiple institutions [11].
Our findings also contribute an implementation science
perspective to practice transformation in digital health. We
found that a lack of workflow integration hindered the
compatibility of our intervention with the existing workflows
of the providers. Future research should explore the use of
clinical staff as mediators between providers and patients or
caregivers for patient-reported information to facilitate
intervention adoption and alleviate potential burdens that
providers face with the introduction of a new intervention [26].
Furthermore, integration of our intervention into the workflow
of clinical staff could address the needed feedback loop that our
study participants desired but felt was lacking in the current
form of the intervention. Having a tool that is well-integrated
into clinic workflows would allow providers to revise and update
goals as they evolve, the absence of which prevented parents
from using the tool for a longer term in our study. A lack of
workflow integration hindered other interventions across broad
populations, including in advanced care planning for adults,
pain management, and surgical safety [27-29]. Our intervention
also was outside the electronic health portal, resulting in similar
issues of workflow integration that have been observed in other
digital interventions for populations with chronic conditions
[30].
Although we purposefully built the intervention outside of the
EHR to allow for rapid design improvements based on study
results, future research should also explore integration of
goal-setting tools within the EHR and patient portals to improve

Lin et al
adoption. Recent efforts by payers to endorse the use of open
application programming interfaces may help accelerate the
integration of patient-generated health data into EHRs [31,32].
Such integration efforts should consider barriers found in our
study, including how to represent patient-generated data and
how to integrate goal-setting actions into the provider workflow
[33,34]. As patients and parents gain access to provider notes,
this research may guide efforts to improve patient and parent
understanding, improve communication, and increase their
empowerment [35,36].
Finally, language-related disparities must be addressed in any
digital health intervention. Our participants emphasized the
potential for an English-only internet-based intervention to
exacerbate disparities in high-quality care coordination.
Populations with low health literacy report lower use of digital
health tools, which may widen the gaps in care quality they
already experience owing to low health literacy [37,38].
Although 90% of the adults in the United States use the internet,
fewer than 2 in 3 adults who identify as Hispanic or African
American have broadband access at home with similar patterns
based on lower income and education level [39]. Moreover,
preference for languages other than English is associated with
a decreased use of digital health tools for patient-provider
communication [40]. Therefore, future work in implementation
science of digital health tools should aim to understand the
modifiable factors that influence the adoption by patients and
families with preferences for languages other than English.
Our study should be interpreted in the context of a few
limitations. The preimplementation phase used feedback from
a small sample of parents and providers, which may have biased
the selection of implementation strategies. Given the small
number of providers practicing at each clinic, we limited
feedback to a few providers to preserve an adequate provider
sample for the trial. This study was conducted in a single
academic medical center, which may not be reflective of the
practice at other institutions caring for CMC. Not all parent
participants participated in the exit interview, which may have
introduced selection bias, but aside from the presence of the
vagal nerve stimulator, there were no statistically significant
differences in these 2 populations. Overall, our study period
was quite short. Thus, the long-term use of our intervention,
particularly on a repeat clinic visit, was not observed. The
success of long-term implementation should be assessed with
future studies.

Conclusion
Family-centered technologies like our intervention can be
successfully implemented into ambulatory primary and
subspecialty care. However, long-term adoption rests on
integration into the EHR and patient portal as well as adaptation
of tools for users who prefer languages other than English.
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Abstract
Background: During the COVID-19 pandemic, video consultations became a common method of delivering care in general
practice. To date, research has mostly studied acute or subacute care, thereby leaving a knowledge gap regarding the potential of
using video consultations to manage chronic diseases.
Objective: This study aimed to examine general practitioners’ technology acceptance of video consultations for the purpose of
managing type 2 diabetes in general practice.
Methods: A web-based survey based on the technology acceptance model measuring 4 dimensions—perceived usefulness,
perceived ease of use, attitude, and behavioral intention to use—was sent to all general practices (N=1678) in Denmark to elicit
user perspectives. The data were analyzed using structural equation modeling.
Results: The survey sample comprised 425 general practitioners who were representative of the population. Structural equation
modeling showed that 4 of the 5 hypotheses in the final research model were statistically significant (P<.001). Perceived ease of
use had a positive influence on perceived usefulness and attitude. Attitude was positively influenced by perceived usefulness.
Attitude had a positive influence on behavioral intention to use, although perceived usefulness did not. Goodness-of-fit indices
showed acceptable fits for the structural equation modeling estimation.
Conclusions: Perceived usefulness was the primary driver of general practitioners’ positive attitude toward video consultations
for type 2 diabetes care. The study suggests that to improve attitude and technology use, decision-makers should focus on improving
usefulness, that is, how it can improve treatment and make it more effective and easier.
(J Med Internet Res 2022;24(8):e37223) doi:10.2196/37223
KEYWORDS
video consultations; telemedicine; diabetes; chronic diseases; general practice; technology acceptance; technology acceptance
model

Introduction
Background
Technological change and the use of new technologies in health
care are driven by objectives to increase access to health care,
reduce care costs, coordinate health care, and facilitate chronic
disease prevention and management [1]. The COVID-19
pandemic, caused by SARS-CoV-2 infection, has spurred health
https://www.jmir.org/2022/8/e37223
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care systems to rapidly change from delivering in-person care
to using different types of web-based care [2-4] such as video
consultations [5]. Within the primary care sector, the uptake of
video consultations has increased [6], and general practitioners’
use of the technology has internationally moved from being
used in pilot projects to wider-scale use [7-9]. The care potential
of using video consultations in general practice is considered
high [10,11], and this technology holds the potential to disrupt
how health care is delivered in the primary care sector [12].
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The recent uptake of video consultations in general practice is
intriguing as the use of new health care technology and its
implementation typically takes years [5,13]. This is because
digital-first approaches to primary care could increase general
practice workload [14] or threaten professional autonomy [15].
Similar to the hospital sector [16,17], knowledge about the
impact of video consultations on general practice is in its
infancy, and the literature is particularly short on quantitative
studies [18]. The nascent literature finds that offering video
consultations constitutes a significant change in how health care
professionals deliver and patients receive care [19]. Research
into factors that influence the implementation of video
consultations in routine practice finds that, for instance, training
is an important facilitator [20], and hesitance to change is an
equally important barrier [21]. Research suggests that general
practitioner characteristics (eg, age and sex) do not influence
use, although working in larger practices makes it more likely
[22,23]. Interaction and communication between patients and
general practitioners during video consultations are usually
effective [24,25]. However, patients and practitioners report
mixed user experiences but with the important point that user
ratings depend on the context in which video consultations are
used [26-31]. Younger patients were found to be more likely
to request or be offered a web-based visit [32].
However, research has not systematically elicited general
practitioners’ attitudes toward video consultations or their
perceptions of the ease of use or usefulness in general practice.
This research gap is unfortunate as it is well established in IT
literature that attitude and perception influence physicians’ use
of other types of health care technology such as electronic
patient records or telemedicine [33-35]. The technology
acceptance model (TAM) has proven to be a robust model
through rigorous empirical testing within and beyond health
care [36,37]. TAM is capable of studying user attitudes and
perceptions and has good predictive power of health technology
use [38]. Central to the original TAM [39] and later extensions
[40] is that the behavioral intention (BI) to use technology is
influenced by users’ ratings of perceived usefulness (PU),
perceived ease of use (PEOU), and attitude toward the
technology. Importantly, BI to use predicts actual user behavior
[41,42].
Using the insight that chronic disease prevention and
management are key drivers of technological change, this paper
studies the potential of using video consultations in general
practice to manage type 2 diabetes for 3 reasons. First, type 2
diabetes is a chronic disease for which video consultation
appears promising in general practice [43-45]. Second, previous
research on the use of video consultations in general practice
has mostly studied acute or subacute or out-of-hours care and,
to a much lesser extent, the management of chronic care taking
place during regular hours [17,25,31]. Third, it is important to
find care models capable of delivering high-quality and efficient
type 2 diabetes care in general practice [46,47] as the disease
prevalence is increasing [48] and people living with type 2
diabetes are at higher risk of developing complications [49].
The aim of this paper is to use TAM to study general
practitioners’ technology acceptance of video consultations to
manage type 2 diabetes in general practice. The hypotheses
https://www.jmir.org/2022/8/e37223
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were that higher levels of attitude, PU, and PEOU positively
affect general practitioners’ BI to use video consultations to
manage type 2 diabetes. Bringing to bear TAM on video
consultations in general practice allows exploring the potential
of using the technology for a type of chronic care where health
care systems need to find new ways of increasing health care
access and cutting care costs.

Research Model and Hypotheses
The research model (Figure 1) builds on TAM [39] and posits
that general practitioners’ perception of the degree to which
video consultations used to manage type 2 diabetes are easy to
use affects both perceptions of usefulness and attitudes toward
using the technology. General practitioners’ attitudes are also
influenced by their perception of how useful the technology is.
Ultimately, general practitioners’ intention to use video
consultations to manage type 2 diabetes can be explained by
their attitude toward the technology and PU. The following
develops 5 hypotheses by combining research insights on TAM,
general practitioners, and the primary health care domain.
PEOU influences BI to use indirectly through both attitude and
PU. A high PEOU represents the belief that using the technology
will require little to no effort [39]. PU concerns the extent to
which a user believes that the technology can improve or make
their work more effective and easier and how it will be
advantageous over the current practice. The relationship between
PEOU and PU is expected to be positive as health care studies
find that a higher level of PEOU leads to higher ratings of P
[50-52]. Moreover, studies have shown that when a technology
is perceived as easy to use, the attitude toward the technology
is more positive [40,52]. The attitudinal component of the model
measures an individual’s affective response to adopting a new
technology. Attitude concerns the extent to which a user finds
that using the technology is a good idea, beneficial, or
unpleasant for the way they work [39]. PU is considered
particularly important in general practice [53,54], and research
using TAM finds that physicians’ PU influences attitudes toward
health care technology [55,56]. Thus, 3 hypotheses about PEOU,
PU, and attitude were formed:
•
•
•

Hypothesis 1: PEOU has a positive impact on the PU of
video consultations for type 2 diabetes care.
Hypothesis 2: PEOU has a positive impact on attitudes
toward video consultations for type 2 diabetes care.
Hypothesis 3: PU has a positive impact on attitude toward
video consultations for type 2 diabetes care.

The BI to use represents an individual’s intention to use a new
technology [41]. BI to use is an important component as it is a
proxy capable of predicting subsequent actual user behavior in
health care and beyond [33,41,42]. According to TAM, the
extent to which users perceive a technology to be useful is
directly influenced by their ratings of BI to use [38]. In the
context of general practice, research has found a positive
relationship between PU and BI to use [35,57-59]. Similarly,
TAM suggests that the attitude of a user manifests itself as a
positive or negative view of the BI to use technology. Research
in the domain of primary health care finds that attitude
influences the BI to use health care technology [23,60,61]. Thus,
2 hypotheses about PU, attitude, and BI to use were formulated:
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Hypothesis 4: PU has a positive impact on the BI to use
video consultations for type 2 diabetes care.
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•

Hypothesis 5: Attitude toward video consultations for type
2 diabetes care has a positive impact on the BI to use the
technology.

Figure 1. Research model based on the technology acceptance model.

Methods
Research Design and Setting
Data were collected through a cross-sectional web-based survey
distributed to all general practitioners in Denmark (n=3326).
The Danish health care system is mostly tax financed, and
citizens can receive care from general practice free of per service
charge. Danish general practitioners are self-employed but work
on contracts for the public funder. Most general practitioners
work in partnership practices, and their income is generated as
a combination of fee for service and capitation [62]. The
incentive for Danish general practitioners to use video
consultations increased during the COVID-19 pandemic because
of an agreement between the General Practitioners’ Organization
(negotiating on behalf of Danish general practitioners) and the
Danish Regions (responsible for procuring health services),
which agreed on a fee for service to general practitioners to
provide video consultations to patients.

Survey Measures

the validity of the measures. The measures were adapted to the
specific context of general practice and video consultations,
translated into Danish, and repeatedly examined to ensure
consistency. PU, attitude, and BI to use were measured using
3 items each, and PEOU was measured using 4 items (Textbox
1). An item each in the attitude and BI to use dimensions was
negatively worded to reduce the risk of agreement bias [55].
All items were measured on 5-point Likert scales, with scores
ranging from 1 (strongly disagree) to 5 (strongly agree). For
PEOU, the items were worded according to the user status of
the respondent (user vs nonuser of video consultations) to make
the formulation relevant to the respondent. Respondents were
able to skip questions or choose do not know (the latter being
treated as missing data in subsequent analyses). Demographic
measures (12 items) such as age and sex were collected to
analyze the representativeness of the study sample in comparison
with the total population of general practitioners. Before
distribution and to test face validity, the survey was evaluated
and revised according to inputs from 5 general practitioners
working in each of the 5 Danish Regions.

The main measures (13 items) central to our hypotheses
originated from TAM [39] and health care studies [55] to ensure
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Textbox 1. Items used in the research model.
•

•

•

•

Perceived usefulness (PU)
•

PU1: can improve my treatment

•

PU2: can make my treatment more effective

•

PU3: can make my treatment easier

Perceived ease of use (PEOU; worded differently for nonusers of video consultations as illustrated in brackets)
•

PEOU1: learning to use was (would be) easy

•

PEOU2: (would be) easy to get software to do what I need

•

PEOU3: (would be) easy to master

•

PEOU4: (would be) easy to use

Attitude (ATT)
•

ATT1: using is a good idea

•

ATT2: using is unpleasant

•

ATT3: using is beneficial

Behavioral intention (BI)
•

BI1: intend to use as often as possible

•

BI2: even when possible, do not intend to use

•

BI3: would use to the extent possible

Recruitment and Data Collection
The survey was administered using SurveyXact (Rambøll
Management) [63]. To identify general practices, a list of all
1718 general practices in Denmark was obtained from MedCom
(a provider of Danish public health care systems) [64] in January
2021. Of these 1718 practices, 44 (2.56%) general practices
were excluded as they were managed by parties outside the
target group of our study (eg, by Danish Regions). In total, 1674
general practices, representing 3326 general practitioners, were
available for distribution [65].
The survey was distributed to general practices as an electronic
letter on January 7, 2021, via the Danish public electronic
mailbox system (e-Boks Business) using publicly available data
from MedCom. The letter contained information about the study
and a survey link. Participants were informed about data
protection measures, anonymity of participation, and the option
to be paid—DKK 276.72 (US $44) based on a General
Practitioners'’ Organization tariff—for the 20 minutes it
maximally takes to complete the survey. The letter was
addressed to the clinic, and all trained general practitioners were
encouraged to participate. Unfortunately, it was not possible to
contact each general practitioner directly as this information
was not publicly available. The survey link was open and only
available in a letter to ensure anonymity and availability for all
general practitioners in a clinic. Data entry for payments was
conducted in a separate survey to preserve anonymity. Two
reminders were sent on January 21, 2021, and February 2, 2021.
The data collection ended on February 7, 2021.
The Committee of Multipractice Studies in General Practice
(journal number 25-2020) evaluated the study and recommended
https://www.jmir.org/2022/8/e37223
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that general practitioners participate in the survey. This study
was reported to the Danish Data Protection Agency (journal
number 1-16-02-343-20).

Ethics Approval
The Research Ethics Committees for Central Denmark Region
(1-10-72-181-20) concluded that the study could be conducted
without approval from the committee as “According to the
Consolidation Act on Research Ethics Review of Health
Research Projects, Consolidation Act number 1083 of 15
September 2017, section 14(2) notification of questionnaire
surveys or medical database research projects to the research
ethics committee system is only required if the project involves
human biological material.”

Data Analysis
Data were analyzed using Stata (version 17.0; StataCorp) [66].
To compare sample demographics with the population of general
practitioners, we analyzed the latter using registry data made
available by the Danish Health Data Authority [67]. The
measures used in TAM were analyzed for normality distribution,
internal consistency, convergent validity, and discriminant
validity. Normality was examined by calculating skewness,
kurtosis, and the Mardia multivariate kurtosis test. Internal
consistency was assessed using Cronbach α with an acceptable
threshold of .70 [68]. Confirmatory factor analysis was
performed to determine model validity. Factor loadings of ≥0.7
were deemed acceptable [69]. Subsequently, we explored the
research model using structured equation modeling [70], which
is standard in the data analysis of TAM [37]. We used
quasi-maximum likelihood as the estimator, with Satorra-Bentler
adjustments because of our findings of nonnormality for some
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37223 | p.638
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of the measures [71]. P<.05 was set as the threshold for
statistical significance.
We report the unstandardized and standardized path coefficients
from structured equation modeling. The unstandardized path
coefficients reflect the expected (linear) change in the dependent
variable with each unit change in the independent variable,
given the other variables in the model. The standardized path
coefficients express relationships in the same unit; that is, SDs.
The interpretation is that when an independent variable (eg, PU)
changes by 1 SD, then the dependent variable (eg, BI to use)
changes by an SD as well. By placing all coefficients in the
same unit, the SDs for different variables measured in different
metrics become interpretationally equivalent.

Results

in 425 (93%) respondents. The sample represented 12.78%
(425/3326) of all Danish general practitioners. The sample
represented 18.82% (315/1674) of Danish general practices.
Compared with the population of general practitioners, Pearson
chi-square tests showed that the individual characteristics of
the study sample (ie, sex and age groups) were representative
of the population not participating (Table 1). The sample
differed with regard to general practice characteristics (ie, clinic
and municipality type) as general practitioners from more
partnership practices participated than from solo practices, and
a larger share of general practitioners working in practices in
the capital area participated. The incomplete responses had
similar demographics to the complete responses, with most
(23/32, 72%) dropping out during or directly after the
demographic items.

Demographic Characteristics
A total of 457 general practitioners answered the survey, from
which 32 (7%) incomplete responses were excluded, resulting
Table 1. Overview of respondents in sample and comparison with the remaining population.
Characteristicsa
Sex (female)

b

Survey sample (n=425), n (%)

Population not in the sample (n=2901), n (%)

Pearson chi-square (df)

226 (53.1)

1659 (57.1)

0.2 (1)

Age group (years)b

0.8 (6)

30-39

26 (6.3)

205 (7.1)

40-44

75 (18.1)

577 (20)

45-49

100 (24.2)

614 (21.2)

50-54

59 (14.3)

416 (14.4)

55-59

64 (15.5)

433 (15)

60-64

57 (13.8)

387 (13.4)

≥65

33 (8)

260 (9)

Municipality type where general practitioners workc,d

0.0 (4)

Capital area

133 (31.3)

789 (25.5)

Large city

63 (14.8)

392 (12.7)

Province city

88 (20.7)

754 (24.4)

Suburban

70 (16.5)

507 (16.4)

County

71 (16.7)

654 (21.1)

Clinic typec

<0.001 (2)

Solo clinic

105 (25.1)

447 (35.7)

Cooperation clinic

52 (12.4)

145 (11.6)

Partnership clinic

419 (98.5)

659 (52.7)

a

Missing data in the population not in the sample and in the survey sample means that sums do not add to the population of general practitioners
(N=3326), general practices (N=1674), and study sample (N=425).
b

Population data from General Practitioners’ Organization [65].

c

Population calculated from data by the Danish Health Data Authority [67].

d

Municipality types based on the definition by Statistics Denmark [72].
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Measurements Based on the TAM
Table 2 presents the mean values (SD) of the 4 dimensions and
the items from TAM. On a 5-point Likert scale, the highest
mean value was PEOU 3.76 (SD 0.86) and ATT 3.48 (SD 0.92),
thus indicating that respondents were confident that they, for
instance, can use video consultations to manage type 2 diabetes

and that the technology was a good idea. The mean values for
PU 2.99 (SD 0.96) and BI to use 3.06 (SD 1.04) were similar,
and the answers averaged around neither agreeing nor
disagreeing. Across the studied dimensions and items, the data
variability around the mean of the study sample was
approximately 1 point on a 5-point Likert scale.

Table 2. Means and internal consistency of items in the research model (N=425).
Participants, n (%)

Values, mean (SD)

Cronbach α

PU1: can improve my treatment

389 (91.5)

2.70 (0.97)

.86

PU2: can make my treatment more effective

397 (93.4)

3.01 (1.07)

.78

PU3: can make my treatment easier

396 (93.2)

3.24 (1.13)

.85

PU: all usability items

379 (89.2)

2.99 (0.96)

.88

PEOU1: learning to use was (would be) easy

417 (98.1)

3.99 (0.95)

.85

PEOU2: (would be) easy to get software to do what I need

401 (94.4)

3.81 (0.98)

.84

PEOU3: (would be) easy to master

412 (96.9)

3.91 (0.91)

.83

PEOU4: (would be) easy to use

372 (87.5)

3.28 (1.1)

.92

PEOU: all ease of use items

359 (84.5)

3.76 (0.86)

.89

ATT1: using is a good idea

409 (96.2)

3.29 (1.15)

.63

ATT2: using is unpleasant

398 (93.6)

2.04 (0.96)

.92

ATT3: using is beneficial

397 (93.4)

3.13 (1.09)

.68

380 (89.4)

3.48 (0.92)

.83

393 (92.5)

3.21 (1.08)

.92

BI1: intend to use as often as possible

403 (94.8)

2.66 (1.12)

.82

BI2: even when possible, do not intend to use

404 (95.1)

2.61 (1.2)

.88

BI3: would use to the extent possible

402 (94.6)

3.12 (1.12)

.78

BI: all intention itemsf

383 (90.1)

3.06 (1.04)

.88

Item
PU

a

b

PEOU

ATT

c

ATT: all attitude items

d

ATT1+3: ATT excluding ATT2
BIe to use

a

PU: perceived usefulness.

b

PEOU: perceived ease of use.

c

ATT: attitude.

d

The mean represents all ATT variables with ATT2 reversed because of its negative wording.

e

BI: behavioral intention.

f

The mean represents all BI variables with BI2 reversed because of its negative wording.

The internal consistency of the items that comprise the 4
dimensions in TAM had Cronbach α >.8 (Table 2). Cronbach
α values of ≥.7 indicate acceptable internal consistency.
Although the internal consistency of attitude was .83, this value
should be interpreted with caution. The right-hand column of
Table 2 shows the effect of removing 1 of the 3 items on
Cronbach α; that is, for the attitude dimension, the Cronbach
α drops to .63 and .68 when removing items 1 and 2 and
increases to .92 when removing item 3. In addition to attributing
this change in internal consistency to this analytical finding,
free-text remarks by some respondents indicated that the
https://www.jmir.org/2022/8/e37223
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negative wording of item 3 could be confusing and challenging
to answer. On the basis of logical reasoning [73] and to reflect
the attitude dimension more accurately, we excluded item 2
from the subsequent analysis.
To determine the correct structural equation modeling estimation
method, we calculated the skewness and kurtosis of all the
measures to examine normality. The results showed a mild
degree of skewness (ranging from −0.971 to 0.232) with
moderate kurtosis (ranging from 2.134 to 3.841). Normality
was further evaluated using the Mardia multivariate kurtosis
test, in which all dimensions failed except attitude, thereby
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indicating nonnormally distributed measures (PU 20.4, χ21=90.9,
P<.001; PEOU 43.3, χ21=694.6, P<.001; attitude 8.22, χ21=0.3,
P=.57; BI 17.9, χ21=26.0, P<.001). As nonnormality invalidates
the assumption for the maximum likelihood method of structural
equation modeling estimation, we used Satorra-Bentler
adjustments to relax the assumption of normality. The measures
in TAM were also assessed for convergent validity and
discriminant validity (Table 3).
The measures were further validated using a confirmatory factor
analysis that showed factor loadings >0.7, except for the item
PEOU4—easy to use (0.63). PEOU4 was also an outlier in terms

of missing data, with 12.7% (53/425) of missing responses,
leading to the suspicion that the data were not missing at
random. We excluded PEOU4 from the analysis and ran a new
confirmatory factor analysis, which had factor loadings ranging
from 0.77 to 0.92, thereby confirming that the latent variables
of TAM were explained by the observed variables.
Goodness-of-fit indices confirmed that the confirmatory factor
analysis was a good fit for the data (χ238=51.5, χ2/df=1.4; P=.07;
root mean squared error of approximation 0.033 [recommended
value <0.05]; standardized root mean square residual 0.024
[recommended value <0.08]; comparative fit index 0.995
[recommended value >0.95]) [74]. The final research model
included data from 76.9% (327/425) of respondents.

Table 3. Correlations between dimensions and items in the research model.
PUa

PEOUb

ATTc

BId

PU1

0.731

0.213

0.702

0.640

PU2

0.824

0.335

0.761

0.700

PU3

0.747

0.328

0.785

0.701

PEOU1

0.204

0.803

0.250

0.378

PEOU2

0.181

0.826

0.265

0.359

PEOU3

0.224

0.853

0.301

0.410

PEOU4

0.477

0.607

0.553

0.551

ATT1

0.800

0.419

0.844

0.789

ATT3

0.801

0.369

0.844

0.765

BI1

0.703

0.454

0.754

0.813

BI2

0.613

0.441

0.668

0.711

BI3

0.709

0.426

0.750

0.773

Item
PU

PEOU

ATT

BI

a

PU: perceived usefulness.

b

PEOU: perceived ease of use.

c

ATT: attitude.

d

BI: behavioral intention.

Hypothesis Testing
We used structural equation modeling to analyze our hypotheses
and the final research model. The goodness-of-fit indices model
showed an acceptable fit (Table 4).
Analysis of the research model using unstandardized coefficients
(Figure 2; Table 5) showed that the original paths of the model
were significant (P<.005), except for the path from PU to BI to
use (P=.84). PEOU had a positive influence on PU (β=.26, 95%
CI 0.14-0.38) and attitude (β=.16, 95% CI 0.08-0.24). PU had
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a positive influence on attitude (β=1.22, 95% CI 1.09-1.36).
The influence of attitude and PU on BI to use was also positive
(β=.82, 95% CI 0.52-1.12; β=.04, −0.38 to 0.47); however, the
latter was statistically insignificant. The calculated R2 values
(Figure 2) showed that 82% of the variance in BI to use was
explained by attitude and PEOU, with attitude having the
strongest influence. Standardized coefficients showed similar
results (Figure 2; Table 6) and indicated that the strongest
relationship existed between PU and attitude and between
attitude and BI.
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Table 4. Fit indices for structural equation modeling estimation.

a

Fit index

Structural equation modeling model with Satorra-Bentler

Recommended value [74,75]

Chi-square (df)

63.59 (39)

N/Aa

Chi-square/df

1.63

<3.0

P value>chi-square (df)

0.008

>0.05

Root mean squared error of approximation

0.044

<0.05

Comparative fit index

0.991

>0.95

Tucker-Lewis index

0.987

>0.95

Standardized root mean square residual

0.036

<0.08

N/A: not applicable (the literature on structural equation modeling does not recommend a value).

Figure 2. Results of structural equation modeling, unstandardized (and standardized) coefficients. *P<.001.

Table 5. Structural equation modeling estimation, unstandardized coefficientsa.

a

Path

β coefficient

z value

P value

95% CI

PEOUb→PUc

.26

4.26

<.001

0.14 to 0.38

PU→attitude

1.22

17.44

<.001

1.09 to 1.36

PEOU→attitude

.16

4.01

<.001

0.08 to 0.24

PU→BI

d

.04

0.20

.84

−0.38 to 0.47

Attitude→BI

.82

5.35

<.001

0.52 to 1.12

Satorra-Bentler adjusted; unstandardized coefficients.

b

PEOU: perceived ease of use.

c

PU: perceived usefulness.

d

BI: behavioral intention.
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Table 6. Structural equation modeling estimation, standardized coefficientsa.
β coefficient

z value

P value

95% CI

.28

4.09

<.001

0.15 to 0.42

PU→attitude

.89

38.19

<.001

0.84 to 0.94

PEOU→attitude

.13

4.09

<.001

0.07 to 0.19

PU→BId

.03

0.19

.85

−0.31 to 0.37

Attitude→BI

.88

5.54

<.001

0.57 to 1.19

Path
b

PEOU →PU

a

c

Satorra-Bentler adjusted; standardized coefficients.

b

PEOU: perceived ease of use.

c

PU: perceived usefulness.

d

BI: behavioral intention.

Discussion
Principal Findings and Comparison With Prior Work
To explore the potential of using video consultations to provide
type 2 diabetes care in general practice, we used insights from
technology adoption [36-40] to systematically elicit the
technology acceptance of general practitioners. From our survey
of Danish general practitioners, we found support for 4 of the
5 research hypotheses (standardized and unstandardized path
coefficients).
First, our findings suggest that PU is the primary driver of a
positive attitude toward using video consultations to provide
type 2 diabetes in general practice (hypothesis 3 accepted:
unstandardized β=1.22, 95% CI 1.09-1.36). Similarly, earlier
research in general practice found that this relationship appeared
to be highly important [53,54]. The unstandardized path
coefficient indicates that increasing the PU of the technology
by 1 unit will increase the attitude by 1.22 units, given the other
variables in the model. The standardized coefficient (β=.89,
95% 0.84-0.94) shows that a change of 1 SD in PU leads to an
increase by 0.89 SDs in attitude. Second, attitude toward the
technology is positively influenced by general practitioners’
PEOU (hypothesis 2 accepted: unstandardized β=.16, 95% CI
0.08-0.24); however, the impact is lower than that for PU
(β=1.22 vs β=.16). This finding mirrors previous studies that
found that PU, not PEOU, is the primary driver of users’
attitudes toward health care technology. A reason is that ease
of use is not necessarily a sufficiently large benefit to offset the
difficulties of integrating new technology into established work
routines [76]. Another reason is that the importance of a
technology that is easy to use tends to decrease with general
technology use [38,55,56].
Third, our analysis confirmed the expectation that general
practitioners’ PU of video consultations would be positively
influenced by their ratings of PEOU (hypothesis 1 accepted:
unstandardized β=.26,95% CI 0.14-0.38). This mirrors findings
from studies of other types of health care technology [50-52].
The relatively small impact of PEOU may be attributed to the
high education level of Danish general practitioners who use
IT technologies daily to deliver care, such as electronic patient
records, and thus have a basic level of IT skills that could be
speculated to give them confidence in learning new technologies.
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Fourth, the BI to use video consultations to provide type 2
diabetes was positively influenced by the attitude toward the
technology (hypothesis 5 accepted: unstandardized β=.82, 95%
CI 0.52-1.12). This particular relationship has also been found
in other studies in the domain of primary health care [23,60,61].
Attitude is a central driver that corresponds to other influential
theories of behavior change, such as the theory of planned
behavior [77]. Fifth, our research model links PU to BI to use;
however, the positive influence was statistically insignificant
(hypothesis 4 rejected: unstandardized β=.04, −0.38 to 0.47).
Compared with the impact of attitude, the influence of the PU
of video consultations was also less influential (β=.82 vs β=.04).
Studies from general practice generally report that PU has a
positive influence on BI to use [35,57-59]. However, these
studies do not include the attitude dimension from the original
model [39] in their research models and, thus, do not address
the relative importance. Our findings indicate that the BI to use
video consultations for type 2 diabetes care is primarily the
result of the positive impact PU has on attitude.
By studying chronic care in our context—type 2 diabetes—our
research findings contribute to an emerging literature on video
consultations in general practice that has hitherto mostly studied
acute or subacute or out-of-hours care [17,25,31]. A major
strength of the study is that the findings build on TAM, which
is a robust model [36,37] with good predictive power for health
technology use [38]. The findings are also supported by
goodness-of-fit tests, showing that the research model has an
acceptable fit for structural equation modeling estimation. A
strength of our analysis is that it did not rely on the assumption
that the measures were normally distributed as we used the
Satorra-Bentler adjustments in the structural equation modeling.

Practical Implications
The potential of using video consultations in general practice
to deliver chronic disease management is promising [1,10,11]
and could fundamentally change how the primary care sector
delivers care [12,19]. Type 2 diabetes is a chronic disease for
which video consultations in general practice are particularly
relevant [43-45] because, as a new care model, it can deliver
high-quality, efficient care [46,47] at a time when the prevalence
of diabetes is increasing [48]. Our findings (standardized and
unstandardized path coefficients in the research model) indicate
that the strongest positive relationships are between PU and
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attitude and between attitude and BI to use. This suggests that
if a policy maker wants to increase general practitioners’ use
of video consultations to provide type 2 diabetes care, they must
ensure that the technology is useful in general practice as it will
have a positive influence on their attitude, which, in turn, will
positively affect their intention to use the technology. Policy
makers interested in scaling up video consultations could benefit
from looking into the items of the dimensions that constitute
the research model. For example, to improve PU, policy makers
should find solutions to three questions: how can it be ensured
that video consultations (1) improve treatment, (2) make
treatment more effective, and (3) make treatment easier?
Relatedly, our findings provide suggestions for mitigating
change hesitance, which remains a barrier to implementing
video consultations in routine practice [21]. As research shows
that working in larger practices—but not individual
characteristics such as age or sex—increases the likelihood that
a general practitioner uses video consultation [22,23], it appears
relevant to explore the perceptions of small and large practices
separately. Using the example of PU, small and large practices
may differ in the ways in which video consultations can improve
and make treatment easier. These insights are important as data
from, for example, the Danish Health Authority show a decrease
in the use of video consultations in general practice from 2020
to 2021 [78], which suggests that general practitioners use the
technology but also that it is not yet a regular work routine in
general practice. Moreover, continuous improvement of the
technology and its use in practice is central as there is a risk
that this new care model increases general practitioner workload,
and there may be a need to allocate more resources to implement
digital-first pathways [14]. To the latter end, research finds that
training facilitates the implementation of video consultations
in routine practice [20].

Limitations
Two modifications were made to the original TAM, underlining
the final research model. First, an item (attitude item 2) was
removed as it decreased the Cronbach α of the attitude
dimension. Another item (PEOU4) was dropped because of the
low factor loading from the confirmatory factor analysis. To
assess the extent to which removing these items changed the
findings, a structural equation modeling estimation, including
these items, was performed, which showed path coefficients
very similar to our final model, thereby supporting the accuracy
of the final structural equation model. Second, structural
equation modeling estimations were not performed with all
respondents as those skipping questions were omitted. Running
a structural equation modeling estimation that included
respondents with missing answers resulted in similar path
coefficients but had poorer goodness of fit. The final research
model met the recommended indices of the goodness of fit but
failed the chi-square test. Failing the chi-square test is a known
issue with structural equation modeling, which, similar to our
study, has a high number of respondents and survey answers
that are not normally distributed [75]. The issue of nonnormality
was addressed using Satorra-Bentler adjustments.
With the widespread research validation of TAM in combination
with acceptable goodness-of-fit indices, the final research model
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is considered valid. However, as this study surveyed general
practitioners from a tax-financed health care system, the findings
may be most generalizable to countries with similar health care
systems such as the English National Health System. Some
authors also raise the concern that the original TAM and later
extensions lack precision in health care because of their inability
to consider the influence of external variables and barriers to
technology acceptance [36] such as psychological ownership
of IT [79] or social norms [55]. Nevertheless, for the purposes
of this study, the research model was kept simple for 2 main
reasons. First, findings from health care that extend TAM only
result in a relatively modest increase in explanatory power [55].
Second, getting general practitioners to answer surveys is
difficult [43], and including other variables to increase the
precision a little would likely come at the expense of a lower
response rate. More questions also increased the risk of
respondent fatigue and missing answers.
The relatively low response rate of 12.8% of all 3326 Danish
general practitioners increased the risk of selection bias.
Nevertheless, it improved confidence in the findings that the
individual characteristics of the sample of general practitioners
were comparable with the population, and the share of
respondents in the sample who used video consultations was
similar to that of other sources [78]. This finding supports the
generalizability of our results. The difficulty in getting Danish
general practitioners to participate in survey research is an
explanation as they operate as for-profit firms and are often on
a tight schedule [62]. The survey was also distributed during
the COVID-19 pandemic when other surveys of general
practitioners had similar low response rates [22,43,80]. It could
be speculated that general practitioners with the strongest
positive or negative attitudes toward technology were more
likely to participate. Univariate normality tests of the items in
the attitude dimension, as mentioned previously, showed that
the respondents’ attitudes were relatively normally distributed
and did not only represent the most negative or positive attitudes
toward video consultations used for diabetes care.
The study design was cross-sectional and, thus, only capable
of capturing the views of general practitioners at the time of
data collection. Although the cross-sectional design is standard
in most studies on TAM [37,38], longitudinal studies are
generally recommended to assess changes over time to make
study findings more robust. Collecting data on the variables in
TAM from the same source (ie, general practitioners) makes
common method bias [81] a potential risk in the study. However,
common method bias is of modest importance here as the
research model asks about the intention to use rather than actual
use.

Conclusions
This study explored the potential of using video consultations
to provide type 2 diabetes care in general practice by eliciting
the technology acceptance of a representative survey sample of
Danish general practitioners. On the basis of TAM, our study
suggests 2 main drivers: PU positively affects attitude toward
using video consultations for diabetes care, and attitude
positively affects the BI to use the technology. For policy makers
interested in scaling up general practitioners’ use of video
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consultations to provide diabetes care, our findings indicate that
they should emphasize how the technology can improve
treatment and make it more effective and easier. To this end,

Torp et al
policy makers may need to explore what these aspects of
usefulness mean to general practitioners working in different
organizational contexts.
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Abstract
Background: Most smokers with chronic obstructive pulmonary disease (COPD) have not yet been diagnosed, a statistic that
has remained unchanged for over two decades. A dual-focused telehealth intervention that promotes smoking cessation, while
also facilitating COPD screening, could help address national priorities to improve the diagnosis, prevention, treatment, and
management of COPD. The purpose of this study was to preliminarily evaluate an integrated asynchronous smoking cessation
and COPD screening e-visit (electronic visit) that could be delivered proactively to adult smokers at risk for COPD, who are
treated within primary care.
Objective: The aims of this study were (1) to examine e-visit feasibility and acceptability, particularly as compared to in-lab
diagnostic pulmonary function testing (PFT), and (2) to examine the efficacy of smoking cessation e-visits relative to treatment
as usual (TAU), all within primary care.
Methods: In a randomized clinical trial, 125 primary care patients who smoke were randomized 2:1 to receive either proactive
e-visits or TAU. Participants randomized to the e-visit condition were screened for COPD symptoms via the COPD Assessment
in Primary Care to Identify Undiagnosed Respiratory Disease and Exacerbation Risk (CAPTURE). Those with scores ≥2 were
invited to complete both home spirometry and in-lab PFTs, in addition to two smoking cessation e-visits. Smoking cessation
e-visits assessed smoking history and motivation to quit and included completion of an algorithm to determine the best Food and
Drug Administration–approved cessation medication to prescribe. Primary outcomes included measures related to (1) e-visit
acceptability, feasibility, and treatment metrics; (2) smoking cessation outcomes (cessation medication use, 24-hour quit attempts,
smoking reduction ≥50%, self-reported abstinence, and biochemically confirmed abstinence); and (3) COPD screening outcomes.
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Results: Of 85 participants assigned to the e-visits, 64 (75.3%) were invited to complete home spirometry and in-lab PFTs
based on CAPTURE. Among those eligible for spirometry, 76.6% (49/64) completed home spirometry, and 35.9% (23/64)
completed in-lab PFTs. At 1 month, all cessation outcomes favored the e-visit, with a significant effect for cessation medication
use (odds ratio [OR]=3.22). At 3 months, all cessation outcomes except for 24-hour quit attempts favored the e-visit, with
significant effects for cessation medication use (OR=3.96) and smoking reduction (OR=3.09).
Conclusions: A proactive, asynchronous e-visit for smoking cessation and COPD screening may offer a feasible, efficacious
approach for broad interventions within primary care.
Trial Registration: ClinicalTrials.gov NCT04155073; https://clinicaltrials.gov/ct2/show/NCT04155073
(J Med Internet Res 2022;24(8):e38663) doi:10.2196/38663
KEYWORDS
electronic visits; e-visit; COPD; chronic obstructive pulmonary disease; smoking cessation; telehealth; electronic health record;
patient portal; EHR; feasibility; efficacy; intervention; screening; diagnosis; prevention; treatment; management; acceptability;
pulmonary; function

Introduction
Cigarette smoking remains the leading cause of preventable
death globally and is responsible for more than 480,000 deaths
each year in the United States [1]. A total of 21% percent of
tobacco-related deaths are caused by chronic obstructive
pulmonary disease (COPD), a progressive inflammatory lung
disease that causes airflow obstruction and breathing-related
problems [1,2]. Between 45% and 72% of smokers with COPD
have not yet been diagnosed [3,4], a statistic that has remained
largely unchanged for over two decades [4]. As noted in a recent
viewpoint article by Yawn and Martinez [5], “COPD screening
must develop better, more symptom-based tools and appropriate
follow-up support.” A dual-focused intervention that
simultaneously promotes smoking cessation, while also
facilitating COPD screening, could address national priorities
to improve the diagnosis, prevention, treatment, and
management of COPD [6].
The vast majority (~70%) of adult smokers visit a primary care
provider at least once per year, making primary care an ideal
environment within which to identify smokers, provide
evidence-based smoking cessation treatment, and screen for
COPD [7-9]. Within the primary care setting, prior studies
demonstrate up to a fourfold increase in COPD diagnosis when
using screening tools to identify respiratory symptoms [10-12].
Although not COPD-specific, our team previously developed
an asynchronous e-visit (electronic visit) to be delivered within
the primary care environment to patients identified as smokers
via the electronic health record (EHR) [13]. This e-visit was
developed based on best practice guidelines [7] for smoking
cessation treatment within primary care—the 5 A’s (ask, advise,
assess, assist, and arrange). Results from an initial evaluation
of the asynchronous smoking cessation e-visit as compared to
treatment as usual (TAU) within primary care indicated high
feasibility and acceptability with cessation outcomes that favored
the e-visit condition at both 1 (odds ratios [ORs] 2.10-5.39) and
3 months (ORs 1.31-4.67) [13].
The purpose of this study was to preliminarily evaluate an
integrated asynchronous smoking cessation and COPD screening
e-visit that could be delivered proactively to adult smokers at
risk for COPD, treated within primary care. Prior studies have
https://www.jmir.org/2022/8/e38663
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evaluated the feasibility, acceptability, and validity of remote
home spirometry and have found high test-retest reliability when
compared to in-clinic assessments [14,15], high adherence rates
[16], and high patient satisfaction [15,16]. As such, we opted
to leverage our existing asynchronous smoking cessation e-visit
platform and add to it remote, telehealth-facilitated COPD
screening and completion of remote home spirometry for those
eligible. The aims of this study were (1) to examine e-visit (for
smoking cessation and remote home spirometry) feasibility and
acceptability, particularly as compared to in-lab diagnostic
pulmonary function testing (PFTs), and (2) to examine the
efficacy of smoking cessation e-visits relative to TAU, all within
primary care.

Methods
Ethics Approval
All study procedures were approved by the Medical University
of South Carolina (MUSC) institutional review board
(PRO00086016), and the trial was preregistered with
ClinicalTrials.gov (NCT04155073). Eligible patients were
scheduled to complete informed consent remotely with a
member of the study team. Consent was completed either
electronically or via mail, in both cases paired with a discussion
with a member of the research team.

Participants
Participants were recruited from 13 primary care practices
affiliated with MUSC between December 2019 and January
2021. Within our systemwide EHR, Epic, a study recruitment
report was generated for all patients meeting the following
criteria: (1) aged >40 years; (2) seen at an MUSC primary care
practice in the last year; (3) current smoker; (4) no previous
diagnosis of COPD (defined as International Classification of
diseases, 10th revision codes J44.9, J44.1, J44.0, J43.9, or Z87.9)
associated with any prior visit; and (5) access to MyChart, Epic’s
patient portal. Via MyChart, 1811 patients meeting initial
eligibility criteria were sent an invitation and link to study
screening. Study invitations included introductory text
highlighting the importance of quitting smoking and then
continued with an invitation to participate in a research study
to help change smoking behavior. All invitations noted that the
study had been discussed with the patient’s primary care
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provider, who supported the study invitation. Patients were
deemed eligible for the study if during the initial screening they
met the following additional criteria: (1) current cigarette
smoking, defined as smoking 5 cigarettes per day for at least
20 out of the preceding 30 days, for at least the last 6 months;
(2) possess a valid email address, checked daily; (3) owner of

Dahne et al
an iOS or Android-compatible smartphone; and (4) fluent in
English (study e-visits were only available in English, thus
English fluency was required). In total, 271 patients completed
study screening (ie, 15% of those invited), and 203 were deemed
eligible following screening (Figure 1).

Figure 1. CONSORT flow diagram. CAPTURE: COPD Assessment in Primary Care to Identify Undiagnosed Respiratory Disease and Exacerbation
Risk; CO: carbon monoxide; COPD: chronic obstructive pulmonary disease; PFT: peak expiratory flow; TAU: treatment as usual.

Study Procedures
Upon consent, enrolled participants completed baseline
assessments via REDCap (version 11.2.1; Vanderbilt University)
and then were randomized 2:1 to receive either the e-visits or
TAU. The first 5 enrolled participants were all assigned to the
https://www.jmir.org/2022/8/e38663
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e-visit condition to ensure that both smoking cessation and
COPD e-visit components were functioning properly. All study
participants were invited to complete follow-up research
assessments at 1 and 3 months following baseline. To
biochemically verify smoking status, participants were asked
to submit an expired air carbon monoxide (CO) sample remotely
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via a smartphone-enabled CO monitor (iCO Smokerlyzer) at
both follow-ups. iCO monitors were mailed to all enrolled
participants following completion of the baseline visit, and
mailings included information regarding how to submit CO
readings. Participants were compensated up to US $250 total
for all study procedures. Participants randomized to the e-visit
condition were not separately compensated for completion of
the e-visits or for completion of in-lab PFTs.

Interventions
Smoking Cessation and COPD e-Visits
Participants in this condition were automatically linked to
initiate an asynchronous e-visit via MyChart. Smoking cessation
components of the e-visit were similar to our team’s prior work
[13] but modified to include an additional focus on COPD
screening. e-Visit functionality was similar to that of an
electronic questionnaire, with participants answering 1 question
per screen and then advancing to the next screen. The initial
baseline e-visit gathered information about smoking history and
motivation to quit, followed by an algorithm to determine the
best Food and Drug Administration (FDA)-approved cessation
medication (ie, nicotine replacement therapy [NRT], varenicline,
and bupropion) to prescribe. This algorithm was based on prior
research [17,18] and evidence-based guidelines [7], using
branching logic to prioritize the most efficacious medications
(ie, varenicline and combination NRT), while tailoring
recommendations based on contraindications and participant
preference. A medication recommendation was then displayed
to the participant, with a personalized rationale, to which the
participant could agree or request a different treatment. e-Visit
results were then sent to the provider’s electronic in-basket,
who reviewed the e-visit, responded to the patient via MyChart
with instructions, and e-prescribed (if indicated) medication.
All medications were prescribed on label by 3 study physicians
and were mailed to the patient at no cost. Responses from
providers to participants also included information on the state
tobacco Quitline, which participants could contact for additional
behavioral support. Participants were subsequently invited to
complete a follow-up smoking cessation e-visit 1 month
following completion of the baseline session, consistent with
the 5th A in the 5 A’s guideline to arrange follow-up [7], at
which time participants could request a refill of the medication
prescribed at baseline, if needed, or could request a new smoking
cessation medication. Results were sent to providers and
reviewed in the same manner as the baseline e-visit.
In addition to smoking cessation content, the baseline e-visit
included completion of the 5-item COPD Assessment in Primary
Care to Identify Undiagnosed Respiratory Disease and
Exacerbation Risk (CAPTURE) [19]. CAPTURE assesses the
presence or absence of COPD symptoms, risk exposures, and
recent history of acute respiratory illness. Responses are summed
and scores of 2 or higher suggest a need for diagnostic
assessment [5]. Thus, e-visit participants with a CAPTURE
score ≥2 were subsequently invited to complete both remote
spirometry and in-lab PFTs. For remote spirometry testing,
participants were mailed a home spirometer (Vitalograph
asma-1) and were sent a link to complete an additional e-visit
in which they recorded themselves using the home spirometer.
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At the beginning of the home spirometry e-visit, participants
reviewed an educational video, developed by our team,
demonstrating how to use the device, while video recording
themselves. Participants submitted 3 breath samples with
accompanying videos for evaluation and were asked to enter
peak expiratory flow (PEF) and forced expiratory volume in
one second (FEV1) values into text boxes within the e-visit.
Completed home spirometry e-visits and videos were reviewed
by a study physician, who coded them for effort (ie, acceptable,
unacceptable, and unable to determine), technique (coded
similarly), and whether the participant correctly recorded PEF
and FEV1 values from the home spirometer (ie, yes, no, or
participant did not show values to the camera). For each
participant, the percent predicted PEF was calculated from the
highest acceptable PEF recorded, factoring in age, gender, and
ethnicity, based on equations with standard values [20,21].
Participants with predicted PEF ≤80% were considered
abnormal. Similarly, the highest acceptable FEV1 measurement
was categorized as normal (≥80%), moderate (≥50%-<80%
predicted), severe (≥30%-<50% predicted), or very severe
(<30% predicted). After review, the physician sent a message
to the patient via the EHR portal with results (normal or
abnormal) along with a recommendation to complete in-lab
PFTs previously ordered. These messages also included
encouragement related to quitting smoking (eg, “we still
recommend that you attempt to quit smoking. Quitting smoking
now will help to prevent any further lung damage as well as
reduce your risk of heart disease and cancer linked to tobacco
use. We are here to continue helping you in those efforts”). No
intervention for COPD was provided as part of this study.
All participants eligible for home spirometry testing were also
referred for PFTs, regardless of the home testing results, to
examine the comparative feasibility of home versus in-lab
testing. To further remove barriers to completion of in-lab PFTs,
all PFT costs were paid for by the study. Once completed, in-lab
PFT results were communicated to the patient with
recommendations for follow-up with their primary provider.
Chart reviews were completed at 3 months following study
enrollment for all study participants to determine whether PFTs
were completed and whether the participant was subsequently
diagnosed with COPD. PFT appointments for these participants
were scheduled per usual practice (ie, a referral was placed by
study coordinators, and central scheduling contacted participants
to schedule testing).

Treatment as Usual (TAU)
TAU was designed to mimic existing standard cessation
practices. Research staff provided participants in this condition
with information on the state Quitline and a recommendation
to contact their primary care provider to schedule a medical
visit to discuss quitting smoking. Chart review was also
completed at 3 months for these participants to determine
whether they completed in-lab PFTs and whether they were
diagnosed with COPD.

Measures
All participants at baseline completed a general assessment of
demographics and health history. Primary outcomes for this
trial include measures related to (1) e-visit acceptability,
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38663 | p.653
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
feasibility, and treatment metrics; (2) smoking cessation
outcomes; and (3) COPD screening outcomes. Unless otherwise
noted, participants self-input responses to study outcomes
assessments in REDCap.

e-Visit Acceptability, Feasibility, and Treatment Metrics
To assess participant perception of the e-visits, during the
1-month research assessment, e-visit participants responded to
the following items: (1) I found the e-visit easy to use; (2) I
would use an e-visit again in the future; (3) during my e-visit,
I felt I could trust my provider with my medical care; (4) I would
recommend e-visits to other people; (5) It was as easy for me
to state concerns through the e-visit as it would be in an
in-person visit; (6) the e-visit was as good as an in-person visit
with my doctor; and (7) I have experienced benefits from the
e-visit. Response options ranged from strongly disagree to
strongly agree.
To examine comparative feasibility of remote versus in-lab
PFTs, completion rates for each were captured and compared.
Feasibility of remote home spirometry was further assessed
through clinician ratings of spirometry effort or technique, as
described above. Feasibility of the smoking cessation component
of the e-visit was captured via EHR chart reviews, as follows:
(1) whether the patient opted for the medication recommended
by the e-visit, (2) whether the physician prescribed the
medication recommended by the e-visit, (3) whether the
participant completed the 1-month follow-up e-visit, and (4)
time to complete the 1-month follow-up e-visit.

Smoking Cessation Outcomes
All participants at baseline were queried for the number of
cigarettes smoked per smoking day, incidence of quit attempts
within the last year, and motivation or confidence to quit (0-10
on the visual analogue scale [22]) in the next month. During
the 1- and 3-month follow-ups, all participants self-reported the
following: (1) number of cigarettes smoked per day over the
last 7 days, (2) incidence of 24-hour quit attempts since the
prior assessment, and (3) use of an FDA-approved smoking
cessation medication since the last assessment. Past-week
smoking data allowed for a computed outcome to assess if
participants reduced their smoking by at least 50% since
baseline. Participants who reported smoking zero cigarettes
over the last 7 days were coded as having self-reported 7-day
point prevalence abstinence. Self-reported abstinence was
biochemically confirmed via CO, using a cutoff point <6 ppm
to define abstinence [23].
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COPD Outcomes
COPD diagnostic status was ascertained for all participants via
chart review at 3 months following study enrollment.
Additionally, at baseline, all participants completed CAPTURE
[19].

Statistical Analysis Plan
Chi-square and ANOVA analyses were used to determine
baseline group differences in participant demographics as well
as retention rates over time. Descriptive statistics were used to
examine e-visit (for spirometry and smoking cessation)
acceptability, feasibility, and treatment metrics. Binary logistic
regressions were used to examine differences in cessation
outcomes across treatment group, at both 1- and 3-month time
points. For cessation outcomes, an intent-to-treat approach was
used such that those who did not complete the assessment were
coded as not having modified smoking [24].

Results
Participant Characteristics
In total, 125 participants were enrolled in the trial (e-visit=85
and TAU=40). The first 5 enrolled participants were all assigned
to the e-visit condition, and the remaining 120 were randomized
2:1 to either e-visit or TAU. The first 5 enrolled participants
did not significantly differ from those randomized, either in
baseline characteristics or follow-up outcomes. There were no
significant between-group differences in demographics or
smoking history at baseline (Table 1), though participants in
the TAU condition reported significantly greater COPD
symptoms on CAPTURE (F1,123=8.11, P=.005).
Study retention was generally high across both 1-month (86.4%)
and 3-month (78.4%) follow-ups, with no significant differences
in retention between treatment groups. Regarding demographic
differences between those who completed follow-up assessments
and those who did not, White participants were significantly
more likely to complete the 1-month follow-up assessment
compared to non-White participants (91% completion versus
75%; χ21,125=5.59; P=.02). There were no other significant
demographic differences between those who completed
follow-up assessments and those who did not, at either 1 or 3
months. Among 1-month respondents, 81.5% (88/108) also
provided CO. Among 3-month respondents, 73.5% (72/98) also
provided CO.
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Table 1. Participant demographics.
Characteristics

Full sample (N=125)

e-Visit (n=85)

Treatment as usual (n=40)

Age (years), mean (SD)

53.42 (9.40)

54.12 (9.75)

51.93 (8.52)

40-64

109 (87.2)

71 (83.5)

38 (95)

>65

16 (12.8)

14 (16.5)

2 (5)

75 (59.2)

52 (61.2)

22 (55)

White

89 (71.2)

61 (71.8)

28 (70)

Black

28 (22.4)

18 (21.2)

10 (25)

Other

8 (6.4)

6 (7.2)

2 (5)

4 (3.2)

2 (2.4)

2 (5)

<High school diploma

44 (35.2)

27 (31.8)

17 (42.5)

>High school diploma

81 (64.8)

58 (68.3)

23 (57.5)

<US $50K

65 (52)

43 (50.6)

22 (55)

>US $50K

56 (44.8)

39 (45.8)

17 (42.5)

Not sure or refused to answer

4 (3.2)

3 (3.6)

1 (2.5)

Total number of participants insured

112 (89.6)

79 (92.9)

33 (82.5)

Medicaid

15 (12)

10 (11.8)

5 (12.5)

Medicare

23 (18.4)

17 (20.0)

6 (15)

Employer-provided insurance

53 (42.4)

37 (43.5)

16 (40)

Other

21 (16.8)

15 (17.6)

6 (15)

Baseline cigarettes per day, mean (SD)

18.43 (9.79)

18.09 (8.98)

19.15 (11.43)

Quit attempt in the past year (yes), n (%)

73 (58.4)

48 (56.5)

25 (62.5)

Motivation to quit in the next month, mean (SD)

7.53 (2.50)

7.36 (2.56)

7.88 (2.34)

Confidence in quitting in the next month, mean (SD)

5.76 (2.88)

5.64 (2.87)

6.03 (2.92)

Baseline CAPTUREa, mean (SD)

3.13 (1.72)

2.84 (1.72)

3.75 (1.56)

Age (years), n (%)

Sex (female), n (%)
Race, n (%)

Ethnicity (Hispanic/Latinx), n (%)
Education, n (%)

Annual household income, n (%)

Health insurance status, n (%)

a

CAPTURE: COPD Assessment in Primary Care to Identify Undiagnosed Respiratory Disease and Exacerbation Risk.

e-Visit Feasibility, Acceptability, and Uptake
Participant feedback following completion of the baseline e-visit
was generally positive (Figure 2). Of the 85 participants assigned
to the e-visit condition, 64 (75.3%) were invited to complete
home spirometry and in-lab PFTs because of a CAPTURE score
of 2 or higher. Mean CAPTURE score among those eligible for
spirometry was 3.7 (SD 1.4). Among those eligible for
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spirometry, 76.6% (49/64) completed home spirometry. Most
of those (37/49; 75.5%) who completed home spirometry had
acceptable effort; 79.6% (39/49) had acceptable technique, and
87.8% (43/49) correctly recorded values on at least 1 video.
Two-thirds (33/49; 67.3%) of participants who completed home
spirometry had at least 1 video with acceptable effort and
technique.
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Figure 2. e-Visit feedback.

Compared to completion rates for home spirometry, fewer
participants in the e-visit condition completed in-lab PFTs
(23/64, 35.9% of those eligible). Twenty-one participants
completed both home and in-lab PFTs. Among these
participants, concordance between home and in-lab PFTs was
higher for FEV1 (R2=0.75) compared to PEF (R2=0.49; Figure
3). Among the sample completing both home spirometry and
in-person PFTs, in-person spirometric diagnoses included
normal spirometry (4/21, 19%), Global Initiative for Obstructive
Lung Disease undifferentiated obstruction with FEV1 <80%
but FEV1/forced vital capacity >0.7 (2/21, 9.5%), probable or
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confirmed restriction (5/21, 23.8%), mild obstruction (5/21,
23.8%) and moderate obstruction (5/21, 23.8%). No participant
was found to have severe obstruction. Using a cutoff of home
spirometry PEF <80% predicted, 5 participants who completed
both home spirometry and in-person PFTs were considered to
have abnormal home spirometry readings. Among these
participants, in-person PFTs confirmed restriction (1/5, 20%),
mild obstruction (1/5, 20%), moderate obstruction (2/5, 40%),
and normal spirometry (1/5, 20%). In the TAU group, only 1
participant completed in-lab PFTs and that participant was
subsequently diagnosed with COPD.
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Figure 3. Home vs. In-Lab FEV1 and Peak Flow Among Participants Who Completed Both.

Smoking Cessation, Treatment, and Outcomes
The most common treatment recommendation as a result of the
baseline e-visit was varenicline (65/85, 76.5%), followed by
NRT patch (8/85, 9.4%), combination NRT (5/85, 5.9%), and
NRT lozenge (3/85, 3.53%). Participants (73/85, 86%) and
providers (72/85, 85%) agreed with recommendations from the
medication algorithm. Three quarters (64/85, 75.3%) of e-visit
participants completed the 1-month e-visit, on average within
2.7 (SD 6.9) days after invitation. During this follow-up e-visit,
participants most often requested either a prescription for
varenicline (20/64, 31.3%), combination NRT (11/64, 17.2%),
NRT inhaler (10/64, 15.6%), or NRT gum (6/64, 9.4%), and
providers abided by these preferences (63/64, 98.4%).
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In general, smoking cessation outcomes favored the e-visit
condition at both 1 and 3 months (Figure 4). At 1 month, all
cessation outcomes favored the e-visit condition (ORs 1.6-4.1).
At 3 months, all cessation outcomes except for 24-hour quit
attempts favored the e-visit condition (ORs 1.1-5.8). Regarding
significant effects, as compared to TAU, e-visit participants
were 3.2 times more likely to have used a cessation medication
at 1 month (95% CI 1.4-7.4; P=.006), and 4.0 times more likely
to have used a cessation medication at 3 months (95% CI
1.7-9.0; P<.001). At 3 months, e-visit participants were 3.1
times more likely to have reduced their cigarettes per day by at
least 50% (95% CI 1.2-8.2; P=.02), with a similar trend toward
significance at 1 month (OR 4.1, 95% CI 0.9-18.8; P=.07).
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Figure 4. Smoking cessation outcomes. CO: carbon monoxide; OR: odds ratio; TAU: treatment as usual.

Discussion
Study results preliminarily indicate feasibility, acceptability,
and efficacy of a proactive, asynchronous e-visit for smoking
cessation and COPD screening. Metrics of feasibility and
acceptability were strong, with 88% (75/85) of participants
indicating that they would use an e-visit again in the future.
However, only a small majority (47/85, 55%) of e-visit
participants reported preferring the e-visit to an in-person visit.
Thus, although the e-visit may offer a scalable, feasible method
to extend the reach of cessation treatment, it may not be
preferred for all patients. Future research should examine which
subgroups of patients may be most amenable to receiving
cessation treatment via telehealth platforms such as e-visits.
Our study also confirms the feasibility of home spirometry, with
promising compliance rates for submission of viable tests. This
is consistent with prior research among other populations with
obstructive lung diseases such as cystic fibrosis [25,26] and
asthma [27]. Thus, home spirometry, completed via an e-visit
and reviewed by a provider, may be a useful tool for COPD
screening among high-risk smokers. A large body of literature
has focused on both the potential utility and drawbacks of
population-based screening for COPD, particularly among
asymptomatic patients. Current US Preventive Services Task
Force guidelines recommend against screening asymptomatic
adults for COPD, citing lack of supportive data [28]. However,
screening of individuals who self-report unaddressed respiratory
symptoms, as implemented in this trial, can increase COPD
diagnoses and facilitate treatment initiation [10-12]. Although
https://www.jmir.org/2022/8/e38663
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a tool such as CAPTURE has broad reach and may help to
identify those who are symptomatic, pairing CAPTURE with
home-based spirometry could help further identify the subset
of patients who should be strongly encouraged to complete
diagnostic PFTs.
This study was not designed specifically to examine the validity
of home spirometry; nevertheless, comparing home versus in-lab
results for the small subset of participants who completed both
suggests there are opportunities to improve validity. To
maximize scalability of the e-visits, we opted to minimize the
amount of training provided to participants. However, prior
home spirometry trials have had success with incorporating
synchronous coaching via video calls [29]. This approach may
help improve the validity of home spirometry among adult
smokers at risk for COPD, though it would limit scalability. In
the future, it will be important to determine the appropriate
amount of training needed for participants to submit valid
samples and how best to embed this training in primary care.
To our knowledge, this is the first study to evaluate the
CAPTURE, which was developed to be used in a broad
population of primary care patients, in a population of smokers.
We were surprised to see that 82.4% (103/125) of smokers in
our full sample had a score of 2 or higher at baseline. Because
smokers typically develop COPD after 10 pack years at a
prevalence <20% [30], the CAPTURE instrument should be
reevaluated among active smokers, as sensitivity may be too
high. This is likely due to scoring 1 point for living or working
in a place with smoke or secondhand smoke.
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Our results further substantiate the potential of e-visits to
promote smoking cessation. Results generally echoed those of
our prior trial [13], supporting the efficacy of the e-visit
approach. Whereas our prior trial did not provide free
medications, the current study provided prescribed medications
free of charge. Comparing intent-to-treat results across studies,
the provision of free medication appears to have slightly
increased the use of cessation medications (at 1 month: 44.1%
vs 51.8%; at 3 months: 41.2% vs 60%). Thus, where possible,
pairing the proactive e-visit with free medication may increase
evidence-based cessation treatment uptake.
Results of this study should be interpreted with limitations in
mind. The trial was largely conducted in the midst of the
COVID-19 pandemic, which may have impacted rates of trial
enrollment, engagement with the e-visits, and completion rates
for in-lab PFTs. However, it is important to note that at MUSC,
pulmonary function testing continued throughout the pandemic,
thus all participants eligible for in-lab PFTs had the option to
complete them. Future evaluation of proactive e-visits for COPD
screening and smoking cessation outside the context of the
COVID-19 pandemic will be important to determine whether
e-visit acceptability and feasibility change as a function of the
pandemic waning. Regarding generalizability, the Vitalograph
asma-1 was used for remote home spirometry completion.
Feasibility and validity results may not generalize to other
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remote monitors. Moreover, study inclusion criteria, including
smartphone ownership and regular email use, may limit
generalizability of results. Proactive study invitations were sent
via MyChart, which may also decrease results’ generalizability.
However, this decision was made because the study e-visits
were delivered via the MyChart patient portal. Given the
preliminary nature of this trial and focus on feasibility and
acceptability, resources to support deployment of both remote
spirometry and in-lab PFTs were not comprehensively assessed.
However, future cost-effectiveness analyses could help
determine whether potential benefits of the e-visit approach are
cost-effective or cost-saving at the health care system level.
Finally, the completed e-visits were reviewed by study
physicians. Implementation of the e-visits within routine clinical
practice and with non–study-affiliated providers remains unclear
but is an important avenue for future research.
In sum, a proactive, asynchronous e-visit for smoking cessation
treatment and COPD screening may offer a feasible, efficacious
approach for broad intervention within primary care. If validity
of home spirometry can be improved over time, the e-visit
platform may help not only promote uptake of evidence-based
smoking cessation treatment but also provide an early screening
mechanism to identify smokers with COPD or other important
lung diseases.
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Abstract
Background: During the COVID-19 pandemic, the shift to virtual care became essential for the continued care of patients.
Individuals with rheumatic and musculoskeletal diseases (RMDs) especially require frequent provider visits and close monitoring.
To date, there have been limited studies examining inequities in health technology use among patients with RMDs.
Objective: Our goal was to identify characteristics associated with patient portal use before and after the COVID-19 pandemic
in a convenience sample of patients with RMDs from a large academic medical center.
Methods: In this cross-sectional study, Epic electronic medical record data were queried to identify established patients of the
University of North Carolina Hospitals adult rheumatology clinic between November 1, 2017, through November 30, 2019.
Demographic and clinical data were collected to compare MyChart (Epic’s patient portal) users with nonusers before and after
the COVID-19 pandemic. MyChart activation and use were modeled using logistic regression and adjusted odds ratios, and
confidence intervals were estimated.
Results: We identified 5075 established patients with RMDs who met the inclusion criteria. Prior to the pandemic, we found
that younger age (P<.001), suburban residence (P=.05), commercial/state insurance (P<.001), military insurance (P=.05), and
median income >US $50,000 (P<.001) were associated with significantly higher odds of MyChart activation. Male sex (P<.001),
being of Black or African American (P<.001) or “other” race (P<.001), Spanish as a primary language (P<.001), rural residence
(P=.007), Medicaid insurance (P<.001), and median income of <US $25,000 (P=.01) were associated with lower odds of MyChart
activation. Following COVID-19, younger age (P<.001), commercial insurance (P=.03), state insurance (P=.02), and median
income of US $50,000-75,000 (P=.01) were associated with significantly higher odds of MyChart use. However, being of Black
or African American (P<.001) or “other” race (P=.01), Spanish as a primary language (P=.002), male sex (P=.004), rural residence
(P=.005), and having no insurance (P<.001) or Medicaid (P=.008) were associated with lower odds of MyChart use.
Conclusions: Residence in a rural area, being of minority race/ethnicity, older age, male sex, lower median income, Medicaid,
being uninsured, and non-English primary language are associated with lower odds of patient portal activation and use. Future
health policy and clinical practice measures should focus on reducing barriers to health technology adoption among these groups.
(J Med Internet Res 2022;24(8):e38802) doi:10.2196/38802
KEYWORDS
COVID-19; telemedicine; telehealth; health technology; health care disparities; patient portal; rheumatology; musculoskeletal
diseases; chronic disease; digital health; MyChart; rural area; minority population; virtual care
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Introduction
Rheumatic and musculoskeletal diseases (RMDs) are complex
chronic conditions that require lifelong care. Patients may
experience flares or acute complications related to their disease,
requiring close communication with their rheumatologist.
Patients with these conditions often take medications that require
frequent monitoring and irregular dosing schedules. These
aspects of RMD management require a high level of patient
agency and open avenues for patient-provider contact and
communication. Digital technology such as patient portals,
health apps, and wearable technologies allow patients to manage
and participate in their own care [1].
Many studies have shown positive effects on patient outcomes
and satisfaction when patients are engaged in their own care
through digital technologies [1-4]. In a systematic review by
de Jong et al [2], patients who were able to communicate with
their physicians had increased knowledge and self-management
regarding their chronic condition, decreased health care visits,
and improved psychosocial and clinical outcomes. In another
study of patients with rheumatoid arthritis, patients who received
weekly SMS text messages had better medication adherence
than patients who did not receive the SMS text messaging
intervention [3]. Participation in a web-based arthritis
self-management program was associated with improved health
status measures and self-efficacy in a study of patients with
RMDs (ie, rheumatoid arthritis, osteoarthritis, or fibromyalgia)
[4].
Health technology use became a necessity in early 2020
following the SARS-CoV-2 (COVID-19) outbreak, which forced
health care systems around the world to adapt in the face of
uncertainty. During this period, there has been a large shift to
virtual care. Although this change has the possibility to close
the gap in health care delivery in the United States, studies have
shown that there are disparities in health technology use and
the use of technology in general [5-11]. These studies have
shown that low health literacy, lower educational attainment,
residence in a rural area, being of minority race/ethnicity, and
older age are associated with lower rates of health app and
general technology use (ie, computer and cellphone ownership)
[5-11].
To date, there have been limited studies examining inequities
in health technology use among patients with rheumatologic
conditions, and to our knowledge, none have looked at how
COVID-19 has affected the patterns of health technology use
among this patient population. Our goal was to identify the
characteristics of patient portal users versus nonusers from a
group of patients at a large hospital-based rheumatology clinic.
We aimed to identify disparities and potential barriers to
telehealth adoption among patients with rheumatologic
conditions to help close the gap in health technology use.

Methods

Sun et al
University of North Carolina Hospitals (UNCH) adult
rheumatology clinic between November 1, 2017, through
November 30, 2019. “Established” patients were defined as
patients who had at least one return visit during the 2-year study
period. We specifically excluded “new” patients since these
individuals may be seen for 1 consultative visit without further
follow-up in the UNCH system. We felt that including these
subjects could underestimate patient portal activation or use
among our population.

Variables
Demographic and clinical data were collected from patient- and
provider-entered information on Epic and used to compare the
patients who activated Epic’s patient portal (MyChart) to
patients who did not activate MyChart at the time of the initial
data acquisition. Additional data on MyChart usage were
collected for the following year to compare MyChart use 8
months prior to the start of telemedicine visits at our clinic (from
July 1, 2019, to March 30, 2020; “prepandemic”) to the 8
months following the clinic’s adoption of virtual care (from
April 1, 2020, to December 2, 2020; “postpandemic”). MyChart
“activation” indicates that the patient, or a patient proxy, has
enrolled for patient portal access. MyChart “usage” was defined
as the patient or patient-assigned proxy using MyChart to read
or send patient-provider messages or manage appointments.
Demographic information collected included age, sex, race or
ethnicity as documented in the electronic medical record
(American Indian or Alaska Native or Native Hawaiian or
Pacific Islander, Asian, Black or African American, Hispanic
or Latino, White, or “other” race), primary language (English,
Spanish, or “other”), zip code and county of primary residence,
and primary insurance payor. Patients were grouped into
generational categories based on age at the time of initial data
collection (November 2019): born from 1997 to the present
(“Gen Z,” ages 17-22 years), born from 1981-96 (“Millennials,”
ages 23-38 years), born from 1965-80 (“Gen X,” ages 39-54
years), born from 1946-64 (“Baby Boomers,” ages 55-73 years),
and born from 1928-45 (“Silent Generation,” ages 74-91 years)
[12]. North Carolina (NC) “rural,” “suburban,” and “urban”
county designations were defined as average population densities
of ≤250 people/square mile, 250-750 people/square mile, or
≥750 people/square mile, respectively, based on densities as
reported in 2014 US Census population estimates [13]. Using
individual income 2017 zip code data for NC from the Internal
Revenue Service (IRS), we used the median gross income of
each zip code to estimate individuals’ annual median gross
income. Estimated median adjusted gross income was grouped
in quartiles as reported in the IRS data [14]. Income data were
not available for all zip codes; income data was not reported
for zip codes with a low number of returns or in cases of
nonresidential zip codes [14]. Thus, patients with NC zip codes
without income information and patients with out-of-state zip
codes were excluded from analysis. The clinical data collected
included the most recent outpatient visit date and number of
clinic visits (≤2 vs ≥3) within the study period.

Study Subjects

Statistical Analysis

In this cross-sectional study, Epic electronic medical record
data were queried to identify established patients of the

Descriptive statistics were used to summarize study subjects
and relevant variables. Counts and percentages were produced
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for categorical variables, whereas mean (SD) or median (IQR)
were computed for continuous variables. Multivariable logistic
regressions were separately modeled for the log odds of
MyChart activation pre–COVID-19 (Model 1), MyChart use
pre–COVID-19 and post–COVID-19 (Model 2), and MyChart
use post–COVID-19 among nonusers pre–COVID-19 (Model
3). Model 2 used generalized estimating equations to account
for the correlation between a patient’s pre–COVID-19 and
post–COVID-19 MyChart use and the interaction of
pre–COVID-19 or post–COVID-19 time, with all covariables
tested and retained if P<.05; otherwise, overall effects were
shown for this model.
Models included all previously defined variables: visit date, the
number of visits, age group, sex, race or ethnicity, primary
language, county of residence, insurance, and median zip
code–based income to produce adjusted odds ratios (aORs) and
95% CI. Complete cases were included for multivariable

Sun et al
analyses, excluding subjects with missing variable items given
that missing data rates (319/5075, 6.3%) were well below <10%
(Figure 1) among NC residents with available IRS income by
zip code.
Sensitivity analyses using multiple imputations of variables
with missing information (race or ethnicity and primary
language) were performed to assess the consistency of results.
These variables were imputed using logistic regression by fully
conditional specification methods for binary variables, which
performs best for missing-at-random patterns and a missing
proportion of less than 50%, to generate 10 imputed data sets
for analyses [15]. Due to the exploratory nature of our study,
corrections of statistical significance level were not performed
[16]. All analyses were performed with SAS statistical software
(version 9.4; SAS Institute Inc). Statistical significance was
determined at P=.05.

Figure 1. Subject inclusion and exclusion. IRS: Internal Revenue Service; RMD: rheumatic and musculoskeletal disease.

Ethics Approval
Our study was reviewed and approved by the University of
North Carolina’s Institutional Review Board (protocol 19-3155)
and adheres to the ethical principles of the Declaration of
Helsinki. A waiver of informed consent was obtained due to
the retrospective nature of our study.
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Results
General Characteristics
We identified 5287 established patients who were seen at the
UNCH rheumatology clinic during our study period, of whom
5075 patients were NC residents with available income data
based on zip code. There were 4756 complete cases included
in the pre–COVID-19 MyChart activation analyses and 4754
in post–COVID-19 MyChart use analyses (Figure 1).
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Descriptive statistics for key characteristics are shown for the
cohort of NC residents with income data (N=5075; Table 1).
The mean age of the NC cohort was 54.7 (SD 15.4) years, and
73.9% (n=3749) were female. Of the 5075 established patients,
51% (n=2586) identified as White and 26.4% (n=1342)
identified as Black or African American. In all, 88% (n=4478)
identified English as their primary language, whereas 9.2%
(n=469) reported Spanish as their primary language. Patients
were almost evenly split between urban (n=1679, 33.1%),
suburban (n=1506, 29.7%), and rural (n=1890, 37.2%)
residences. Over two-thirds (n=3563, 70.2%) had a median
adjusted gross income between US $25,000 to <US $50,000.
Regarding insurance, 37% (n=1851) had Medicare, 25.1%
(n=1276) had commercial insurance, 10.1% (n=512) had
Medicaid, and 16.9% (n=859) were uninsured.
We examined MyChart activation among 3759 MyChart
“activators” by patient characteristics (Table 2). We found that
74.1% (3759/5075) of our cohort had activated MyChart (Table
2). For age groups, 91% (111/122) of Gen Z patients had
activated MyChart, whereas 69.7% (352/505) of those aged ≥75
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years had activated MyChart. The rates of MyChart activation
were 77.1% (2890/3749) among women and 65.5% (869/1326)
among men. For race and ethnicity, 82% (2130/2586) of White
patients and 87% (87/100) of Asian patients activated MyChart,
whereas 63.6% (854/1342) of Black or African American
patients and 65.4% (409/625) of Hispanic or Latino patients
activated MyChart. MyChart activation was 76.3% (3416/4478)
among English speakers and 57.4% (269/469) among Spanish
speakers. The rates of MyChart activation among patients
residing in a suburban county was 81.3% (1224/1506) and
65.4% (1237/1890) among patients residing in a rural county.
Only 53.4% (86/161) of patients with an estimated median
adjusted gross income of <US $25,000 activated MyChart,
compared to 92.5% (124/134) of patients with a gross income
of US $75,000 to <US $100,000. The rates of MyChart
activation were high among individuals with commercial
(1099/1276, 86.1%), state (319/350, 91.1%), and military
(113/132, 85.6%) insurance, whereas 71.6% (1325/1851) of
Medicare beneficiaries, 65.6% (336/512) of Medicaid recipients,
and 65.3% (561/859) of uninsured individuals activated
MyChart.
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Table 1. Characteristics of patients—North Carolina residents with available income (N=5075).
Characteristic

Patients

Age group (years), n (%)
17-24 (Gen Z)

122 (2.4)

25-39 (Millennials)

828 (16.3)

40-54 (Gen X)

1538 (30.3)

55-74 (Baby Boomers)

2082 (41)

≥75 (Silent Gen)

505 (10)

Sex, n (%)
Female

3749 (73.9)

Male

1326 (26.1)

Race/ethnicitya, n (%)
American Indian or Alaska Native or Native Hawaiian or Pacific Islander

31 (0.6)

Asian

100 (2)

Black or African American

1342 (26.4)

Hispanic or Latino

625 (12.3)

White

2586 (51)

Other race

118 (2.3)

Primary languageb, n (%)
English

4478 (88.2)

Spanish

469 (9.2)

Other

43 (0.8)

County of residence, n (%)
North Carolina urban

1679 (33.1)

North Carolina suburban

1506 (29.7)

North Carolina rural

1890 (37.2)

Number of visits, median (IQR)

3 (1-4)

Median adjusted gross income (US $), n (%)
<25,000

161 (3.2)

25,000 to <50,000

3563 (70.2)

50,000 to <75,000

1217 (24)

75,000 to <100,000

134 (2.6)

Insurance, n (%)
Medicare

1851 (36.5)

Commercial

1276 (25.1)

Uninsured

859 (16.9)

Medicaid

512 (10.1)

State

350 (6.9)

Military

132 (2.6)

Department of Correction

95 (1.9)

Primary visit diagnosis, n (%)
Rheumatoid arthritis

1320 (26)

Seronegative spondyloarthropathies

452 (8.9)
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Characteristic

a
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Patients

Crystal-induced arthropathies

175 (3.4)

Osteoarthritis and other arthropathies

524 (10.3)

Metabolic bone diseases and other musculoskeletal conditions

517 (10.2)

Miscellaneous inflammatory and autoimmune conditions

412 (8.1)

Lupus and other systemic connective tissue disorders

1252 (24.7)

Vasculitis

265 (5.2)

Otherc

158 (3.1)

Missing race/ethnicity (n=273).

b

Missing primary language (n=85).

c

Nonrheumatologic conditions, nonspecific symptoms, or laboratory abnormalities.
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Table 2. MyChart activation by patient demographics (N=3759).
Characteristic

Patient, n/N (%)

Age group (years)
17-24 (Gen Z)

111/122 (91)

25-39 (Millennials)

670/828 (80.9)

40-54 (Gen X)

1153/1538 (75)

55-74 (Baby Boomers)

1473/2082 (70.7)

≥75 (Silent Gen)

352/505 (69.7)

Female

2890/3749 (77.1)

Male

869/1326 (65.5)

Sex

Race/ethnicity
American Indian or Alaska Native or Native Hawaiian or Pacific Islander

24/31 (77.4)

Asian

87/100 (87)

Black or African American

854/1342 (63.6)

Hispanic or Latino

409/625 (65.4)

White

2130/2586 (82.4)

Other race

81/118 (68.6)

Primary language
English

3416/4478 (76.3)

Spanish

269/469 (57.4)

Other

29/43 (67.4)

County of residence
North Caroline urban

1298/1679 (77.3)

North Carolina suburban

1224/1506 (81.3)

North Carolina rural

1237/1890 (65.4)

Median adjusted gross income (US $)
<25,000

86/161 (53.4)

25,000 to <50,000

2503/3563 (70.2)

50,000 to <75,000

1046/1217 (85.9)

75,000 to <100,000

124/134 (92.5)

Insurance
Medicare

1325/1851 (71.6)

Commercial

1099/1276 (86.1)

Uninsured

561/859 (65.3)

Medicaid

336/512 (65.6)

State

319/350 (91.1)

Military

113/132 (85.6)

Department of Correction

6/95 (6.3)

MyChart Activation Pre–COVID-19
Using data from complete cases among NC residents (n=4756),
we calculated the aORs of MyChart activation by patient
characteristics prior to the COVID-19 pandemic (Table 3).
Compared to Baby Boomers, Gen Z patients were 5 times more
https://www.jmir.org/2022/8/e38802
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RenderX

likely to activate MyChart (aOR 5.39, 95% CI 2.67-10.9),
followed by Millennials (aOR 2.86, 95% CI 2.22-3.69) and Gen
X (aOR 1.72, 95% CI 1.42-2.08) patients. Male patients were
significantly less likely to activate MyChart than female patients
(aoR 0.61, 95% CI 0.51-0.71; P<.001). Compared to White
patients, Black or African American patients (aOR 0.39, 95%
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CI 0.33-0.47; P<.001) and patients of “other” race (aOR 0.44,
95% 0.27-0.70; P<.001) had significantly lower odds of
MyChart activation. Spanish as a primary language was
associated with significantly lower odds of MyChart activation
(aOR 0.31, 95% CI 0.20-0.48; P<.001) than English. Suburban
residence was associated with significantly higher odds of
MyChart activation (aOR 1.22, 95% CI 1.00-1.49; P=.05),
whereas rural residence was associated with significantly lower
odds of activation (aOR 0.78, 95% CI 0.65-0.93; P=.007) than
urban residence. Compared to patients insured through
Medicare, there were significantly higher odds of MyChart
activation among subjects with commercial insurance (aOR
1.77, 95% CI 1.41-2.23; P<.001), state insurance (aOR 2.67,
95% CI 1.76-4.05; P<.001), and military insurance (Tricare;
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aOR 2.20, 95% CI 1.19-4.10; P=.05), whereas Medicaid
insurance was associated with significantly lower odds of
MyChart activation (aOR 0.64, 95% CI 0.49-0.83; P<.001).
Compared to thte median gross income level of US $25,000 to
<US $50,000, median income of <US $25,000 was significantly
associated with lower odds of MyChart activation (aOR 0.62,
95% CI 0.42-0.90; P=.01), whereas higher income levels were
significantly associated with MyChart activation: US $50,000
to <US $75,000 (aOR 1.89, 95% CI 1.53-2.33; P<.001) and US
$75,000 to <US $100,000 (aOR 3.61, 95% CI 1.74-7.47;
P<.001). Results from the analysis using multiple imputed data
were consistent with these results; thus, the results from
complete case analyses are reported.
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Table 3. Adjusted odds ratios (aORs) and 95% CI of MyChart activation pre–COVID-19 (n=4756; Model 1)a.
Characteristic

aOR (95% CI)

P value

17-24 (Gen Z)

5.39 (2.67-10.9)

<.001

25-39 (Millennials)

2.86 (2.22-3.69)

<.001

40-54 (Gen X)

1.72 (1.42-2.08)

<.001

55-74 (Baby Boomers; ref)

1.00

≥75 (Silent Gen)

0.8 (0.62-1.03)

Female (ref)

1.00

Male

0.61 (0.51-0.71)

<.001

American Indian or Alaska Native or Native Hawaiian or Pacific Islander

1.09 (0.44-2.70)

.85

Asian

1.04 (0.52-2.09)

.92

Black or African American

0.39 (0.33-0.47)

<.001

Hispanic or Latino

0.86 (0.56-1.31)

.48

White (ref)

1.00

Other race

0.44 (0.27-0.70)

Age group (years)

.08

Sex

Race/ethnicity

<.001

Primary language
English (ref)

1.00

Spanish

0.31 (0.20-0.48)

<.001

Other

0.46 (0.21-1.01)

.05

County of residence
North Carolina urban (ref)

1.00

North Carolina suburban

1.22 (1.00-1.49)

.05

North Carolina rural

0.78 (0.65-0.93)

.007

Insurance
Medicare (ref)

1.00

Commercial

1.77 (1.41-2.23)

<.001

Uninsured

0.85 (0.67-1.08)

.19

Medicaid

0.64 (0.49-0.83)

<.001

State

2.67 (1.76-4.05)

<.001

Military

2.2 (1.19-4.10)

.05

<25,000

0.62 (0.42-0.90)

.01

25,000 to <50,000 (ref)

1.00

50,000 to <75,000

1.89 (1.53-2.33)

<.001

75,000 to <100,000

3.61 (1.74-7.47)

<.001

Median income (US $

a

Model 1 covariables include the most recent visit date, the number of visits, age group, sex, race/ethnicity, primary language, county of residence,
insurance, and median income.

MyChart Use Pre–COVID-19 and Post–COVID-19
To determine changes in patient portal use during the COVID-19
pandemic, we calculated the aORs of MyChart usage in the 8
months prior to and the first 8 months following telemedicine
https://www.jmir.org/2022/8/e38802
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adoption (Table 4). We also calculated the odds of becoming a
MyChart user during the COVID-19 pandemic among those
who were previously nonusers (Table 5).
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Some disparities remained despite the rapid and nearly complete
transition from in-person to remote care starting in April 2020
(Table 4; Model 2). The associations between MyChart use and
sex, race or ethnicity, language, residency rurality, and insurance
were similar to those observed with MyChart activation (Table
3; Model 1) and were not significantly different by
pre–COVID-19 or post–COVID-19 timing. However, Gen Z
patients had higher odds of MyChart use post–COVID-19 (aOR
2.52, 95% CI 1.63-3.89) than pre–COVID-19 (aOR 1.54, 95%
CI 0.99-2.39). Interestingly, there was no difference in MyChart
use after the pandemic between the highest earners (US $75,000
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to <US $100,000) and the reference group (US $25,000 to <US
$50,000), perhaps reflecting an increase in MyChart use among
the reference group.
Among prior nonusers (n=3086; Table 5; Model 3), we observed
that Gen Z was associated with significantly higher odds of
becoming a MyChart user during the pandemic (aOR 2.80, 95%
CI 1.32-5.94; P=.007). Prior male nonusers were less likely to
become a MyChart user (aOR 0.58, 95% CI 0.41-0.83), as well
as nonusers of rural residence compared to nonusers of urban
residence (aOR 0.62, 95% CI 0.44-0.87).
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Table 4. Adjusted odds ratios (aORs) and 95% CI of MyChart use pre–COVID-19 and post–COVID-19 (Model 2)a,b.
Characteristic

July 2019 to March 2020

April 2020 to November 2020

aOR (95% CI)

P value

aOR (95% CI)

P value

17-24 (Gen Z)

1.54 (0.99-2.39)

.05

2.52 (1.63-3.89)

<.001

25-39 (Millennials)

1.60 (1.30-1.97)

<.001

1.51 (1.22-1.86)

<.001

40-54 (Gen X)

1.37 (1.15-1.63)

<.001

1.31 (1.11-1.56)

.002

55-74 (Baby Boomers; ref)

1.00

≥75 (Silent Gen)

0.80 (0.63-1.01)

.06

0.96 (0.76-1.22)

.76

Female (ref)

1.00

Male

0.81 (0.70-0.93)

Age group (years)

Sex

.004

Race/ethnicity
American Indian or Alaska Native or Native Hawaiian 0.95 (0.47-1.90)
or Pacific

.89

Asian

0.75 (0.49-1.14)

.17

Black or African American

0.61 (0.52-0.70)

<.001

Hispanic or Latino

1.23 (0.90-1.69)

.19

White (ref)

1.00

Other race

0.60 (0.40-0.89)

.01

Primary language
English (ref)

1.00

Spanish

0.43 (0.29-0.62)

<.001

0.55 (0.38-0.79)

.002

Other

1.26 (0.63-2.54)

.52

1.55 (0.78-3.09)

.21

County of residence
North Carolina urban (ref)

1.00

North Carolina suburban

1.11 (0.95-1.29)

.18

North Carolina rural

0.80 (0.69-0.94)

.005

Insurance
Medicare (ref)

1.00

Commercial

1.21 (1.02-1.45)

.03

Uninsured

0.67 (0.54-0.83)

<.001

Medicaid

0.73 (0.57-0.92)

.008

State

1.36 (1.05-1.75)

.02

Military

1.10 (0.72-1.68)

.67

Median income (US $)

a

<25,000

0.70 (0.46-1.08)

.11

0.96 (0.64-1.44)

.86

25,000 to <50,000 (ref)

1.00

50,000 to <75,000

1.50 (1.27-1.77)

<.001

1.23 (1.05-1.45)

.01

75,000 to <100,000

1.88 (1.23-2.85)

.003

1.23 (0.82-1.84)

.32

Model additionally controls for last visit date from 2017-19 and the number of visits.

b

Interaction terms were tested between pre–COVID-19 and post–COVID-19 time frames and all demographic covariables, and interaction terms are
used to show effects by pre–COVID-19 or post–COVID-19 time frame if the interaction term was P<.05. Otherwise, the overall main effect is shown
and is not significantly different by the pre–COVID-19 or post–COVID-19 time frame.
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Table 5. Adjusted odds ratios (aORs) and 95% CI of MyChart use among previous nonusers (Model 3; n=3086)a.
Characteristic

aOR (95% CI)

P value

17-24 (Gen Z)

2.80 (1.32-5.94)

.007

25-39 (Millennials)

1.17 (0.75-1.81)

.49

40-54 (Gen X)

1.20 (0.85-1.70)

.29

55-74 (Baby Boomers; ref)

1.00

≥75 (Silent Gen)

0.76 (0.45-1.28)

Female (ref)

1.00

Male

0.58 (0.41-0.83)

.003

American Indian or Alaska Native or Native Hawaiian or Pacific

1.55 (0.34-6.99)

.57

Asian

0.49 (0.14-1.78)

.28

Black or African American

1.08 (0.79-1.48)

.63

Hispanic or Latino

0.70 (0.31-1.59)

.39

White (ref)

1.00

Other race

0.50 (0.17-1.48)

Age group (years)

.30

Sex

Race/ethnicity

.21

Primary language
English (ref)

1.00

Spanish

1.41 (0.58-3.43)

.45

Other

1.98 (0.38-10.2)

.41

County of residence
North Carolina urban (ref)

1.00

North Carolina suburban

0.97 (0.70-1.36)

.88

North Carolina rural

0.62 (0.44-0.87)

.006

Insurance
Medicare (ref)

1.00

Commercial

1.00 (0.67-1.49)

.99

Uninsured

0.76 (0.48-1.20)

.24

Medicaid

0.73 (0.43-1.23)

.23

State

1.29 (0.75-2.24)

.36

Military

0.71 (0.27-1.88)

.49

<25,000

0.84 (0.37-1.88)

.67

25,000 to <50,000 (ref)

1.00

50,000 to <75,000

0.95 (0.67-1.35)

.78

75,000 to <100,000

0.34 (0.08-1.45)

.14

Median income (US $)

a

Model additionally controls for last visit date from 2017-19 and the number of visits.

Discussion
Principal Findings
We found that after the start of telemedicine visits at our
institution, there was a significant increase in patient portal use
https://www.jmir.org/2022/8/e38802
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among our youngest patients (Gen Z generation). However,
MyChart usage following the implementation of telemedicine
remained significantly lower among those of Black or African
American race and “other” race, having Spanish as a primary
language, being uninsured, and having Medicaid. Male sex and
rural residence were also associated with lower odds of MyChart
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use post–COVID-19, and individuals in these groups were
significantly less likely to become MyChart users during the
pandemic. To our knowledge, this is the first study describing
disparities in patient portal use among patients with RMDs and
the first to evaluate changes in health technology use during the
current COVID-19 pandemic.

Comparison With Prior Work
The results of our study build upon previous work, underscoring
inequities in telehealth use and further highlighting that these
disparities existed prior to the COVID-19 pandemic and
continue to persist. A large cross-sectional study conducted
prior to the COVID-19 pandemic showed that the most
frequently cited barriers to patient portal adoption were
preference for direct communication with providers and
inexperience with computers, which were associated with lower
income and older age. In this study, other commonly reported
barriers included having no patient portal available or difficulty
accessing the portal, lack of internet access, and privacy
concerns [17].
Various studies examining disparities in telehealth use during
the pandemic found similar results to ours. A study by Pierce
and Stevermer [18] showed that those of non-White race and
those who resided in rural postal codes had lower rates of
telehealth use. Another study also showed that older age, living
alone, and rural residence were associated with lower telehealth
use [19]. However, these patterns are not restricted to rural
populations. A study of New York City residents showed that
Black and Hispanic patients, non-English speakers, and older
patients were less likely to use telehealth for COVID-19–related
care [20].
Some factors that may explain these inequities in telehealth use
include limited access to affordable and reliable internet, low
computer ownership, and low digital technology literacy among
certain groups. It is estimated that 24 million Americans do not
have access to affordable high-speed internet, with rural
residents being disproportionately affected [21,22]. In a survey
of NC residents, the cost and lack of access to broadband were
the 2 most cited reasons for not having internet access [23].
Cellular phones offer an alternative method to access the internet
and is sometimes the only option for certain individuals. A study
of computer or laptop ownership among Americans showed
that younger age, non-White race, lower educational attainment,
and lower income were associated with “smartphone”
dependency and a lack of computer or laptop ownership [24].
However, the ability to access the internet via cellular devices
is subject to the availability of reliable cellular data networks.
In our study, we noted that men had lower patient portal
activation and use before and during the pandemic. This finding
may be explained by men’s overall lower engagement with
health care and hesitancy toward help-seeking behaviors
compared to women [25,26]. Similar to our findings, Yang et
al [27] found that Medicaid enrollees were less likely to adopt
eHealth tools compared to the non-Medicaid population in part
due to lower odds of internet access.
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such as age, insurance, residence type, and income. Thus,
although there are certainly social and economic factors tied to
race that contribute to lower health technology use, there seem
to be other elements that influence health technology use among
Black or African American individuals. Some of these results
may stem from poorer access to reliable internet, privacy
concerns, or preference for speaking directly to their health care
providers [28,29]. A qualitative study by Lyles et al [30]
evaluating barriers to patient portal use among Latinx and Black
patients showed that difficulty navigating the patient portal and
concern that patient portal use would diminish the
patient-provider relationship were 2 major themes observed
across age, income, and geographical groups. Spanish and other
non-English speakers are less likely to access health care or use
telehealth modalities due to difficulty communicating with
providers and using health technology platforms not available
in their language [31,32]. UNCH MyChart is only available in
English, which prevents non–English-speaking patients from
using this resource.
Age is also a large factor in telehealth use. A study investigating
health technology “readiness” among older adults showed that
41.4% of Medicare beneficiaries lacked access to a computer
with high-speed internet access, 40.9% lacked a smartphone
with a wireless data plan, and 26.3% lacked either form of digital
access [33]. Other difficulties that older adults may face include
age-related impairments (eg, hearing loss, vision loss, and
dementia) or low overall use and unfamiliarity with using
technology, and these barriers seem to be amplified in patients
who are male; single; Black or African American or Hispanic
or Latino; reside in a nonmetropolitan area; and have less
education, lower income, and poorer self-reported health [34].

Strengths and Limitations
The strengths of this study include our large real-world cohort
of patients with RMDs and the racial and socioeconomic
diversity of our study population. We were also able to compare
changes in health technology use pre–COVID-19 and
post–COVID-19 in the same patients. Some of the limitations
of our current study include our retrospective study design and
the use of zip code as a proxy for socioeconomic variables,
which risks homogenizing certain populations. Of the 5179 NC
residents in our cohort, 104 were not included in the analysis
due to lack of IRS income data. Of these individuals, 63%
(n=66) were from rural counties, 23% (n=24) from urban
counties, and 13% (n=14) from suburban counties. As expected,
the majority of these individuals resided in rural counties.
However, given the small percentage of the NC cohort that these
patients represented (2%), excluding them from the analysis is
unlikely to affect our results. We did not specifically assess
remote telecommunication visits among our patients in this
study and therefore cannot draw conclusions on whether there
are disparities in telemedicine use among our patients.
Additional factors that we did not include, but are possible
confounders, include health literacy, smartphone ownership,
computer or laptop ownership, broadband access, and cellular
data access.

We found that Black or African American individuals were less
likely to use the patient portal even after controlling for factors
https://www.jmir.org/2022/8/e38802
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Conclusions
As technology is increasingly used for health care delivery,
addressing disparities in health technology use has never been
more important. A recently published perspective piece in the
New England Journal of Medicine highlighted the scope of the
issue and addressed the newly enacted Infrastructure Investment
and Jobs Act. This law includes funding toward broadband
infrastructure development and affordability, improving
connectivity in rural and tribal communities, the creation of
digital literacy programs, and preventing digital discrimination

Sun et al
[35]. Although the Infrastructure Investment and Jobs Act does
not specifically address digital inequities in health care, the
potential changes that may occur as a result of this law will
undoubtedly affect accessibility to health technology. Although
many of the issues that contribute to inequitable technology
access are multifaceted and cannot be changed immediately,
we hope that increased research and resources are invested in
making health technology accessible for all. Future studies
should focus on ongoing barriers and potential solutions in
avenues such as internet accessibility, health and digital literacy,
and attitudes and perceptions toward health technology.
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Abstract
Background: Prior research on health information behaviors of people with dementia has primarily focused on examining the
types of information exchanged by people with dementia using various web-based platforms. A previous study investigated the
information behaviors of people with dementia within a month of their diagnosis. There is an empirical gap in the literature
regarding the evolution of health information needs and behaviors of people with dementia as their condition progresses.
Objective: Our work primarily investigated the information behaviors of people with dementia who have been living with the
condition for several (4 to 26) years. We also aimed to identify their motivations for changing their information behaviors over
time. Our primary research questions were as follows: how do people with dementia get informed about their condition, and why
do people with dementia seek information about their condition?
Methods: We adopted an action research approach by including 2 people with dementia as members of our research team.
Collaboratively, we conducted 16 remote 1-hour contextual inquiry sessions with people living with mild to moderate dementia.
During the study sessions, the first 40 minutes included semistructured interviews with participants concerning their information
behaviors, followed by a 20-minute demonstration of their information-seeking strategies. Data from these interviews were
analyzed using a constructivist grounded theory approach.
Results: Participants described their information needs in terms of managing the disrupted physiological, emotional, and social
aspects of their lives following a diagnosis of dementia. They used various information behaviors, including active search, ongoing
search, monitoring, proxy search, information avoidance, and selective exposure. These information behaviors were not stagnant;
however, they were adapted to accommodate the changing circumstances of their dementia and their lives as they worked to
re-establish equilibrium to continue to engage in life while living with a degenerative neurological condition.
Conclusions: Our research revealed the motivations, changing abilities, and chosen strategies of people with dementia in their
search for information as their condition evolves. This knowledge can be used to develop and improve person-centered information
and support services for people with dementia so that they can more easily re-establish equilibrium and continue to engage in
life.
(J Med Internet Res 2022;24(8):e35072) doi:10.2196/35072
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dementia; health information behavior; action research; equilibrium; postdiagnostic experience; mobile phone
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Introduction

1.

Background

2.

Information behavior refers to the ways in which people interact
(and do not interact) with information [1]. Understanding health
information behavior is important as decisions based on health
information sources can influence a person’s health trajectory,
quality of life, and health outcomes [1,2]. Populations with
unique health information needs may exhibit different health
information behaviors. Therefore, researchers have studied the
information behaviors of populations such as people with
diabetes [3,4], breast cancer [5], and prostate cancer [6]. We
studied the health information needs and behaviors of people
with dementia as, similar to those with other health conditions,
they want to be fully informed about their diagnosis [7-10];
however, the cognitive nature of their medical condition makes
this inherently difficult. Therefore, we must identify the
information that they seek, as well as find the most appropriate
ways to provide it, to meet their needs.
To date, nearly all dementia-related information behavior
research has analyzed data created by people with dementia
using social media (eg, Twitter [11,12] and Facebook [13,14]),
web-based dementia forums [15-17], and a web-based dementia
advocacy platform to share their experiences [18]. These studies
revealed the importance of web-based communities for
information exchange among people with dementia, although
they did not explore the broader information behaviors of people
with dementia.
Most research on health information research on dementia has
focused on informal caregivers’ information behaviors. A recent
scoping literature review of 20 studies found 4 studies on the
information needs and information-seeking behaviors of people
with dementia, with only 2 studies distinguishing the behaviors
of people with dementia from those of caregivers [19]. Studies
that delineate the unique information needs and information
behaviors of people with dementia found that caregivers were
more interested in searching for topics specific to dementia,
whereas people with dementia predominantly searched for
support groups and were generally disinterested in seeking
information regarding dementia [20, 21].
Harland et al [10] found that perceptions of dementia were major
factors affecting information-seeking behaviors immediately
after diagnosis. For example, people with dementia avoided
health information if they felt unable to influence their situation,
whereas others valued and sought this information to “confirm
their suspicions and provide explanations” [10]. Harland et al
[10] called for further work to understand “how information
needs and behaviors change over time and with the progression
of the disease”—a call to which this paper responds.

Objective
The primary aim of this study was to discover the nature,
content, and evolution of information behaviors of people living
several years after a dementia diagnosis. Our secondary aim
was to identify the motivations for changing information
behaviors over time. Therefore, we sought to address the
following research questions:
https://www.jmir.org/2022/8/e35072
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How do people with dementia stay informed about their
condition?
Why do people with dementia seek information about their
condition?

To answer these research questions, we adopted an action
research approach [22], which included contextual inquiry
sessions with 16 people with dementia to understand the factors
that motivated them to initially seek information. We then
examined their evolving information behaviors and investigated
their motivations for adapting their information behaviors. In
addition, our findings led to revelations beyond the scope of
our original interview questions, which unveiled information
behaviors in the realms of personal well-being and equilibrium.
Equilibrium, defined as a state of balance between a person’s
mental framework (cognitive and emotional) and the
environment [23], is a concept that has been applied in domains
ranging from education to health sciences. Specifically,
researchers have noted ways in which people strive for
equilibrium when coping with a new medical diagnosis [24,25],
which triggers disequilibrium, a state of disorder and imbalance
in the mind [23]. Past research has noted how individuals with
conditions such as cancer [24] and diabetes [25] actively search
for information as a way of restoring equilibrium. In our study,
several kinds of information behavior, including actively
searching for information, played a key role in restoring
equilibrium in participants with dementia. We compare our
findings to prior research and discuss the implications of our
findings for medical professionals who work with people with
dementia, as well as health information resource providers such
as web-based content developers interested in creating more
accessible content.

Methods
Study Overview
Our research team comprised university researchers and 2
dementia advisers (people living with dementia who are
knowledgeable and active in dementia advocacy). We selected
an action research approach [22] that involved members of the
target culture throughout the research process [22]. The 2
dementia advisers on our team served as empowered researchers
and decision-makers. The participation of dementia advisers
afforded the research team greater access to otherwise hidden
truths in the population of people with dementia. The research
team collaboratively determined the topic of the study, identified
target questions, designed the study protocol, collected and
analyzed the data, and wrote the final report.
A contextual inquiry approach [26] allowed us to collect data
through participants’ verbal explanations, as well as their
demonstration of information-seeking behaviors. This strategy
gives participants the chance to explain and attempt to perform
their intentions, thereby not limiting data collection to recall or
verbal descriptions of information behaviors [26,27]. This is
particularly useful when conducting research with people with
cognitive disabilities. We chose a qualitative approach rather
than using a priori theories and methodologies to describe
complex, dynamic participant experiences.
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Recruitment
We recruited people with dementia through convenience
sampling from our networks, which included members of peer
support groups, large dementia advocacy organizations, and
snowball sampling. To qualify for the study, participants had
to self-report a clinical diagnosis of mild to moderate dementia
and seek dementia information since being diagnosed. The
research team first sent 30 potential participants an initial
recruitment email with details outlining the study and the criteria
for participation in the study. Of the 30 participants, 16 (53%)
responded that they met the participation criteria and were
interested and available to participate. Before scheduling each
study session, the authors verified the eligibility of the
participants by verbally inquiring about the participation criteria.
Interview and observation sessions were scheduled and
completed between July and September 2020.

Data Collection
The 16 contextual inquiries comprised 2 parts: an interview
(about 40 minutes), followed by a 20-minute observation
session. Sessions were conducted on Zoom videoconferencing
(Zoom Video Communications Inc) because of pandemic-related
research restrictions. The first 4 contextual inquiry sessions
were conducted by a team of 2 (ED and JA) academic
researchers. The remaining 12 contextual inquiry sessions were
conducted by blended teams (1 academic researcher [ED teamed
with DCB] and 1 dementia adviser [JA teamed with MLR]),
with the dementia adviser leading each session.

Ethics Approval
We assumed consent capacity, which aligns with best practices
when working with people having mild to moderate dementia
[28] and is required by law in many countries [29]. As a
precaution, we were attentive to a possible lack of capacity and
were prepared to use the University of California Davis protocol
[30] to determine whether the person was able to do the
following: (1) make a choice to participate, (2) show an
understanding of what the study entailed, (3) describe their
rationale for participating in the study, and (4) show an
appreciation of the potential risks and benefits of the study. This
protocol was not used for any participants, as there was no
indication that any participant might not have the capacity to
consent.
In each contextual inquiry session, participants first provided
verbal consent and then completed a short demographics form.
In semistructured interviews, we asked questions such as “How
do you typically obtain dementia-related information?” and
“How would you improve your process of obtaining dementia
information?” We subsequently followed up with probing
questions to pursue topics raised by the informants (eg,
conversations with their physicians). During each observation,
the screen-sharing technology allowed participants to
demonstrate their information-seeking strategies.
On the basis of our related work involving people with dementia,
we created 8 scenarios as prompts for information seeking (see
Multimedia Appendix 1 for scenarios), and then invited
participants to select and conduct a search while describing their
intentions. During this phase, we probed participants to reveal
https://www.jmir.org/2022/8/e35072
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their thought processes using questions such as “Why did you
choose this site?” Following each session, participants received
US $20 Amazon gift cards as compensation.
Raw data comprised session transcriptions, screen videos of
web-based searches, field notes, methodological memos, and
Zoom video and audio recordings, which resulted in
approximately 16 hours of recorded data. This was transcribed
using Otter.ai (AISense, Inc) and reviewed and verified by an
academic researcher. All procedures were approved by the
University of Maryland institutional review board (approval
number 1316631-40).

Data Analysis
We used a constructivist grounded theory approach to analyze
the interview data [31] as it required taking into consideration
and accounting for our own perspectives as researchers. This
was critical, given that our research team included both dementia
advisers and academic researchers.
Each of us open coded the transcriptions, creating early codes
such as “offline information gathering strategies” and “vetting
people/organizations.” We collaboratively discussed our codes
and determined emergent themes, such as “information sources
and systems,” “information gathering strategies,” and
“motivations for seeking information.” Individual codes were
merged into collaborative themes, resulting in a code book. The
team then collectively edited, clarified, and refined the code
book. The resulting code book was applied during the refining
process of focused coding using the most significant initial
codes to sift through large amounts of data to categorize the
data incisively and completely [31].
Each transcript was focus coded twice—once by a dementia
adviser and then by an academic researcher—to ensure that we
correctly understood what each participant’s intended meaning.
Through this process, our analysis led us to understand how
individuals use different types of information behaviors, which
has been previously defined in the literature (although, to the
best of our knowledge, not in the context of dementia).
We followed an iterative process of engaging with the data,
comparing codes, performing pattern recognition, and memoing
for several months with weekly team meetings to build
connections between codes and emergent theories that would
explain the nature of participants’ health information–seeking
behaviors. This process led to a dementia adviser connecting
the concept of “finding equilibrium,” based on the theory of
“optimizing re-equilibration” [23], to the motivation that
participants described for their information-seeking strategies
and their subsequent emergent changes in information behaviors,
which we describe further in the results.
When studying the lived experiences of individuals or groups
of people, we may (consciously and unconsciously) superimpose
our own perspectives, cultures, and experiences onto the
analyses [31]. Therefore, we explicitly reveal our beliefs and
status as academics or people living with dementia, so that the
reader may interpret our findings with a full understanding of
our roles [31]. Although based at a research university, the
academic researchers have also been informed by dementia
activists who advocate for people with dementia and are known
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to practice self-determination well into the progression of the
condition [32-34]. In addition, technology research has informed
our practice of supporting people with dementia [35] and other
disabling conditions to take an active role in their own health
and well-being [36-39]. These perspectives have influenced the
ways in which we conduct research on how people with
dementia use information.

Participants

Dixon et al
to 26 years since their diagnosis before the study (Table 1). Of
the 16 participants, 15 (94%) identified ethnically as White and
1 (6%) as Asian. All participants reported employment statuses
of retired, retired on disability, or volunteering. Nearly all
claimed being “somewhat confident” using technology (Thomas
was “not confident,” whereas Lila, Lucy, and Carter were “very
confident”). All participants were dementia advocates and
members of online peer support dementia groups.

A total of 16 participants aged 57 to79 years self-reported at
least one type of mild to moderate dementia with a range of 4
Table 1. Participant demographics.
Pseudonym Age
(years)

Sex

Country of
residence

Type of dementia

Years since Education
diagnosis

Technical confidence

Arnold

68

Male

Canada

Vascular dementia

≥10

Some college; no
degree

Somewhat confident

Dawson

73

Male

United
States

Early onset Alzheimer disease

2 to 5

Some college; no
degree

Somewhat confident

Lucy

67

Female

United
Kingdom

Early onset Alzheimer disease

5 to 10

Bachelor’s degree

Very confident

Carter

61

Male

United
Kingdom

Vascular dementia

5 to 10

Some college; no
degree

Very confident

Michael

61

Male

United
States

Functional neurological disorder

5 to 10

Some college; no
degree

Somewhat confident

Sadie

79

Female

United
States

Alzheimer disease

≥20

High school diploma Somewhat confident

Lila

Range
60-70

Female

Canada

Early onset Alzheimer disease with a 5 to 10
Lewy body component

Carly

62

Female

United
States

Frontotemporal dementia

Gale

71

Female

Australia

Frontotemporal dementia

Eva

57

Female

United
States

Levy

61

Male

Velma

61

Thomas

Multiple bachelor’s
degrees

Very confident

≥10

Master’s degree

Somewhat confident

5 to 10

Master’s degree

Somewhat confident

Lewy body dementia with behavioral 5 to 10
disturbances

Bachelor’s degree

Somewhat confident

No answer

Lewy body or Parkinson disease

2 to 5

Some college; no
degree

Only a little confident

Female

Canada

Vascular dementia

5 to 10

Bachelor’s degree

Somewhat confident

68

Male

United
States

Variant of slow-moving Alzheimer
disease

5 to 10

High school diploma Not at all confident

Kevin

79

Male

United
States

Frontotemporal dementia

≥10

Master’s degree

Somewhat confident

Toby

61

Male

United
States

Early onset Alzheimer disease and
Lewy body

5 to 10

Master’s degree

Somewhat confident

Donna

62

Female

Australia

Semantic variant of primary progres- ≥10
sive aphasia

Master’s degree

Somewhat confident

Results

and ongoing searching, proxy information search, information
avoidance, and selective exposure.

Overview

The Goal of Health Information Seeking:
Re-establishing Equilibrium After Diagnosis

We discovered the information needs of people with dementia
concerning the physiological, emotional, and social aspects of
their life. These included the factors that motivated them to seek
information on their condition to re-establish equilibrium, both
initially after diagnosis and in evolving ways over the years (or
decades, in some cases) through active searching, monitoring
https://www.jmir.org/2022/8/e35072
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Disequilibrium is defined as a state of disorder and imbalance
in the mind such that individuals cannot assimilate new
information into their schema because of its contradictions or
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inconsistencies with their prior knowledge or experience [23].
In the instances described by the participants, disequilibrium
arose with a medical diagnosis of dementia. After hearing that
they had an incurable brain condition, participants described
feeling sometimes relieved at receiving an actual diagnosis but
also still feeling uninformed, confused, worried, sad, upset, or
alone in terms of the physiological, emotional, and social aspects
of life. As they strived to resolve this disequilibrium, they often
did so by seeking relevant health information; however, just as
often, they did not find what they needed.

Information Needs Concerning Physiological Aspects
of Life
Upon diagnosis, participants usually expected physicians to
satisfy their information needs regarding their physiological
health. However, as nearly all respondents explained, most of
their physicians (and even local dementia organizations) failed
to provide adequate information regarding the origin,
progression, treatment, and management of dementia, both
initially and during the evolution of their condition. Arnold
explained, “I wasn’t given any referrals, any information, who
to talk to, where to go.” Donna, too, recounted as follows:
I was told, “The type of dementia you’ve got, there’s
nothing I can do, and no medication available.”...And
then, “See you in six months.”
This lack of information at diagnosis led to a state of
disequilibrium for participants, as they were unsure of the
physiological factors related to what to expect out of life with
their new dementia diagnosis.
Even after realizing that their questions might yield unpleasant
answers (or none at all), several respondents persevered in
researching the nature of their condition. Gale explains this as
follows:
When I was first told the diagnosis, I didn’t really
know anything...I really wanted to study
[frontotemporal dementia], find out what it was, and
confirm [to] myself that I thought the symptoms
matched.
Participants asked the following:
...medical, mental kinds of stuff...a cure [Kevin]
Is this being caused by the [reduced] blood flow?
[Velma]
Have I taken the proper steps? [Levy]
By educating themselves about the physiological aspects of
dementia, some participants hoped to learn how to mitigate the
effects of dementia on their lives as a way of re-establishing
equilibrium. Lila explained the following:
I’ve come to realize that there are different forms [of
dementia], and each form comes with a different set
of problems. And if I know the problem, maybe I can
avert the long term effects.
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Information Needs Concerning the Emotional Aspects
of Life
The emotional toll of the information provided at diagnosis
often left the participants hopeless or in an extremely low
emotional state. When Velma received a diagnosis of vascular
dementia, her physicians told her, “There was nothing that they
could do, nothing that they really had for me, and that I needed
to get my affairs in order to try to enjoy my window of time.”
This led her to an emotional “state of numbness and shock for
probably a good six months or so...I couldn’t even figure out
what questions I needed to actually ask, because all that kept
going through my head was three to eight years,” which is the
reported average life expectancy for individuals with vascular
dementia. Similarly, Thomas described his diagnosis as
“excruciatingly painful to hear,” leading him to “go home, and
then you put a blanket over your head, start having some very
dark thoughts about...what’s the point of carrying on, if this is
all I’ve got?” He added the following:
A lot of health practitioners...don’t practice good
emotional care. And emotional care is every bit, if
not more important, particularly when you're being
told you have a fatal disease.
Participants had previously expected a different trajectory for
their lives. Therefore, the diagnosis of dementia was emotionally
destabilizing.
Participants searched for encouraging health information to
balance the negative news they had received with any positive
news—sometimes just to find hope to re-establish equilibrium.
However, Thomas realized he was not the best person to do the
research:
We need...the wisdom of what to do with this new
diagnosis as [physicians] give the diagnosis, not send
people home and let them go looking for it.
Disequilibrium upon diagnosis was compounded by failed
expectations that physicians would not only fully address his
physical and cognitive condition but also his emotional state of
being, as it related to the changes he was undergoing.
Other participants experienced not only receiving pessimistic
information from their physicians but also a dehumanizing
delivery of their diagnosis. Lila’s neurologist “never looked at
[her] once.” Instead, the physician announced to her husband,
“‘Your wife has early onset Alzheimer's. You can bring her
back when she can’t dress herself.’” Lila was furious:
I had to keep my mouth shut. I was biting my tongue
so hard, I thought the blood was gonna start pouring
out of my mouth...
She later called her primary physician and was referred to
another specialist. These kinds of interactions with physicians
could last for years, which is explained by Donna as follows:
I had a very good rapport with [the doctor], but after
the dementia diagnosis, he wouldn’t see me on my
own. After about three years, I took a piece of paper
with big type, big black font on it: “Talk to Me.”...He
said, “What do you mean?” I said, “Well, before
dementia, you used to talk to me about my health.
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Now you'll only talk to my husband; it’s like I don’t
even exist in the room.”
Such dehumanizing interactions with physicians at diagnosis
left at least one participant yearning for moral support and
information “that touch the person’s heart” (Thomas).

Information Needs Concerning Social Aspects of Life
Participants said that their social lives changed from the moment
they shared their diagnoses, reporting an apparent lack of
empathy from friends or family members who had no prior
experience with dementia. Thomas explained the following:
When you finally work up the nerve to tell people
what you’re going through, the first thing out of their
mouth, 95% of the time, isn’t empathetic. It’s like,
“You don’t look like you have dementia! At least you
don’t have cancer”...[A spouse] loves you dearly, but
doesn’t get the fear that courses through your veins
Lacking a sense of belonging to a given community also
contributed to the participants’ state of disequilibrium, driving
them to seek information that would help with the social aspects
of their lives.
Participants described the need for social connections with other
people with dementia and sought further information on their
similar lived experiences:
I knew that I couldn’t be the only one...So I was
searching—where are these people? I have to find
them. I know they’re out there [Velma]
Connecting to other people with dementia was key to
understanding how to live well; knowledge from their lived
experiences could not be gleaned from other relationships. Lila
described the following:
We need to learn from each other. We need to hear
how other people do things and what they’ve gone
through.
Given that many participants could not locate others with
dementia nearby, they “had to go online” (Sadie) to
accommodate information needs concerning social aspects of
life to re-establish equilibrium.

Evolving Information Behaviors of People With
Dementia
Overview
Although participants expressed the need for more health
information immediately following the diagnosis of dementia,
they also described changes in information needs as their
medical condition progressed, as new medical discoveries
occurred, and as access to different types of information became
known. Their initial needs and formerly successful strategies
to seek information no longer provided them with equilibrium;
therefore, they adapted. At the time of the study, 31% (5/16) of
participants had been living with dementia for >10 years, and
one participant for even 20 years, and we learned about changes
in their information needs and behaviors, along with those of
the more recently diagnosed people.
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Active Searching
Overview
The first information behavior most participants described
following diagnosis reflected the Wilson active search technique,
meaning they were “intentionally choosing to browse or search
for information” [40]. Participants indicated that the goal of
their active searching immediately after diagnosis aided them
in recovering from initial postdiagnostic reactions such as
depression or denial. Active searching also took place months
and years later from digital resources and other people with
dementia in online peer support groups.
Digital Resources
As many participants felt they were provided insufficient
information at diagnosis, they described actively “searching out
every little thing” (Levy) to satisfy their information needs.
Carly described herself as “a questioning person...a thinking
person,” where she tries to clarify the things she’s read by
“immediately look[ing] [it] up.”
Given the multiple types of dementia and their myriad of
symptoms, participants had varied physiological information
needs, which led them to actively search for web-based
resources. Velma, who described herself as “always
learning—everyday I’m learning,” read “a lot of new reports
that come out in JAMA...I’m learning how important things
like nutrition, exercise, socialization and connections with
people are, in staying well.” When experiencing potential
symptoms of dementia, Lila searched for “‘dementia and left
side brain’ So, you know, because of the regions in the brain,
depending on which side you have dementia attacks and the
areas it attacks, it will also tell you what symptoms could be
happening to you.” Other participants wanted to understand
whether symptoms, such as loss of smell and taste (Velma),
were related to dementia or to another condition that they might
need to treat.
Participants routinely conducted active searches on the internet
as they knew that research is “evolving all the time” (Dawson).
Even after 12 years of living with dementia, Donna looks up
new information “all the time, because everything’s changing
so much...even stuff about diagnosing categories.” Similarly,
Dawson acknowledged that “what was in Google out there 10
years ago, 8 years ago, 5 years ago, 10 minutes ago, is always
changing...”
For many participants, the sources of information they used
were dependent on the type of information they were trying to
find. Carly described: “I have many systems—dependent upon
the question...” For basic information, Carly would use the
Google search engine. When this was “not enough,” she would
turn to peers with dementia. These peer interactions during the
process of actively seeking web-based information were
typically synchronous and presented in a mutually beneficial
manner, as discussed in the following section.
Counterparts in Peer Support Groups
Without exception, all participants said that they actively sought
information about dementia from others with similar diagnoses
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in online support groups, citing this as one of the most important
strategies for gathering useful information.
Several participants described actively seeking physiological
information from other people with dementia who had been
living with the disease longer, and seemingly better, through
web-based
synchronous
communication
using
videoconferencing platforms such as Zoom. For example, Eva
and Michael both referred to a web-based social group called
“Dementia Mentors” [41], which provides a safe,
nonjudgmental, stress-free environment several times a week.
Through this program, people recently diagnosed with dementia
can communicate with people who have lived with the condition
for many years via web-based interactions.
The participants also mentioned organizations that offered online
peer support groups, such as the Alzheimer’s Association,
Association for Frontotemporal Dementia, Lewy Body
Association, Alzheimer’s Society, Dementia Alliance
International, and Dementia Australia. After joining a peer
support group, Velma “started to have a better understanding
of how much there was that we could do to help ourselves.” For
Toby, the group provided an opportunity to observe other group
members, and “almost [see] a case study in what’s going to
happen to me vicariously,” which satisfied his need for
information to understand the physiological changes he might
experience in the future. Similarly, Dawson explained the
following:
You can see they’ve experienced it and you have faith
and trust in that individual...if they’ve had a good
experience with a particular medication or some
activity that they’ve done, then it may be something
I might want to consider...we share that information.
Such online peer support groups helped participants identify,
and often actually provided, the information necessary to
re-establish equilibrium in their lives.
Online peer-to-peer support groups provide a place where
participants “share your problems with people who get it...all
the different nuances and fears,” similar to “a foxhole connection
you get when you’re in war” (Thomas). Information sharing
created a bond that “wasn’t the social thing; it was much deeper
than that...this connection is heartfelt, emotional, mental and
spiritual” (Thomas). This connection helped Thomas to
“overcome my own severe negative feelings about people with
dementia, and recognize that there’s still life worth living,
because I was just like everyone else.” Arnold expressed how
“what we say stays in the group, and we’re not pre-judged.”
Knowing that everyone is similarly vulnerable and that
confidentiality is preserved seemed to make peer groups feel
safe, even allowing for personal growth. These web-based
communities seem to be highly valued resources for
re-establishing equilibrium by meeting the information needs
concerning the social and emotional aspects of life.

Monitoring and Ongoing Searching
Overview
Participants explained how an active search helped them build
“a base of knowledge” (Toby) on dementia and re-establish
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equilibrium by meeting their physiological, social, and emotional
information needs after diagnosis. With these needs met, and
equilibrium restored, some shifted to searching less often, such
as Gale:
In all honesty I tend not to look for anything specific
nowadays, because I kind of feel that I’ve got all the
basic information.
These participants adopted the information behavior of ongoing
search, “where active searching has already established the basic
framework of knowledge, but where occasional continuing
search is carried out to update or expand one’s framework” [40].
To facilitate an ongoing search, participants set up what Ellis
defines as monitoring strategies, which include any actions that
enable someone to stay updated with new developments in their
field [42]. For example, Gale explained that when “somebody
has prompted me with a subscription or said something, I’d say,
‘Oh yeah; I’ll look that up and see.’” When new information
was inconsistent with the existing knowledge base of the
participants, they would slip into disequilibrium, prompting the
need to conduct an ongoing search for further information to
re-establish equilibrium.
Monitoring strategies included attending peer support groups,
curating social media accounts, and receiving push notifications
such as subscribing to newsletters, as discussed in the following
sections.
Peer Support Groups
Monitoring and ongoing searches in peer support groups of
people with dementia were important sources of health
information for the participants when “someone else in the
group may bring one [research article] forward and go, ‘Hey,
did you see this one?’” (Velma). Thomas believed that current
clinical research “would come up in group, ‘cause we have
people in our group that are proactive about those kinds of
things,” alluding to peers who routinely conducted active
searches. Arnold, who is in several peer support groups,
explained, “I’ve been caught off-guard with some
information...These groups are a tremendous source of
information and help.”
Lucy occasionally conducted ongoing searches:
I don’t actually go online unless...a discussion has
come up and I want to know more about it...I will go
on Google Search and find out...a little bit more about
what they’re talking about.
She monitors information in the “nine different groups that I’m
involved in” with the goal of “shar[ing] all the information I’ve
collected from others...[because] it’s important, isn’t it? Because
they don’t know, and that’s something I’m still capable
of...getting all this information and letting them know.”
Social Media
Participants also used social media platforms such as Twitter
to monitor rather than actively search for relevant health
information. Arnold explained that “About 95% of the people
that I follow are dementia-related,” such as researchers and
advocacy organizations. He elaborated that he is “not using
Twitter to get information; it’s more seeing what people in the
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dementia world are up to,” reflecting a monitoring strategy. He
“look[s] at everything that’s posted. And then I’ll click the heart,
which means I like it. And sometimes I will make a retweet
with a comment. But that’s basically it.”
Donna checks, “if I see something on Twitter, and there’s a lot
of chatter about it, I think, ‘Oh, I better read that one,’”
reflecting an ongoing search strategy. Carter curated a network
on Twitter, although for the “vast majority” of people he
followed, he had also “met personally...[and] can vouch for
their credibility.”
Push Notifications and Subscriptions
Many participants set push notifications from subscription
providers to monitor the latest dementia information from
organizations such as the Dementia Engagement and
Empowering Program (Carter), Alzheimer’s Disease
International (Donna), Lewy Body Dementia Association
(Levy), international health organizations (World Health
Organization and United Nations [Donna]), medical journals
(The Journal of the American Medical Association [Velma] and
Neuroscience [Gale]), and medical organizations (the Mayo
Clinic [Donna and Velma]). Velma described this strategy as,
“just wait for them [newsletters] to show up,” as she did not
“know how to find a list of what I’m subscribing to or not,” but
did regularly read her email.
The participants remarked that these monitoring strategies
resulted in a large volume of new information. Gale “subscribed
to any new research...I probably get three or four emails a day
that have information about what’s going on with dementia.”
Donna subscribed to “loads” of blogs that “come into my inbox
on a Monday morning...I very rarely go to them in my inbox”
as “I just get too many emails, about 600 emails a day across
my different emails.” However, this offer of information did
not usually create disequilibrium. Instead, as Donna explained,
with certain research organizations, such as the Mayo Clinic,
“I get their newsletter, but I rarely read it unless it really jumps
out as something that might be super relevant.” Therefore, these
monitoring strategies only led to ongoing searches when
participants were confronted with new information that was not
already part of their existing knowledge base or conflicted with
their own experiences.

Proxy Information Search
Proxy information search is when “one individual tries to find
information on another person’s behalf” [43]. Owing to the
progression of dementia and changes in abilities, some
participants described having to transition from active or
ongoing search to proxy information search to continue having
access to the kind of dementia-related information they needed.
For example, Toby described decreases in “the speed at which
I can assimilate information...and the extent to which I can recall
information.” Thomas finds actively searching for information
difficult as “I don’t retain stuff really good anymore.” Given
that so much information seeking related to dementia took place
on the web, active and ongoing search became inaccessible to
Carter because of his difficulty with “working on the PC” where
“things that I used to be able to do, not that long ago, that I can’t
do anymore.” As a result, the physiological, social, and
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emotional aspects of life were inadequately addressed, often
leaving participants in a state of disequilibrium. To re-establish
equilibrium, some participants found a proxy to help them search
for dementia information, thus accommodating their progressive
cognitive disabilities.
To reiterate, the participants’ shift to using the strategy of proxy
information search did not appear to be based on a waning
interest in dementia information or a lack of questions. Toby
explained the following:
I generally have the ability to ask the questions and
to know the relevant questions and pose them. But I
have lost the ability to do some of the deep research
that I normally would have done.
In such instances, several participants referred to their spouses
as assuming the role of proxy information seeker by “look[ing]
stuff up for me” (Thomas) and being “a conduit for information
flow” (Toby). Others relied on mentors (Arnold) and family
members (Levy). Thomas also relied on people from his support
groups.
The participants expressed much gratitude for the proxy
searchers. However, some participants were deterred by the
need to transition to greater dependency on information. Levy
explained his reluctance to use a proxy but also recognized his
own limitations:
I don’t really go out looking. I used to...when I first
got diagnosed...
However, giving up the power to search for information was a
“struggle...because you feel you’re going to lose everything.
And it’s like, now I gotta give this up [searching on his own].
It’s killing me” (Levy).
People with dementia often have activities slowly taken away
because of their own changing cognitive abilities [32] or from
well-intentioned carers to relieve them from certain
responsibilities. In either case, the transition to a proxy search
may be seen as yet another activity being taken from them.
Although participants noted their disappointment and
dissatisfaction with having to rely on others to assist with
information search, they retained an active role in choosing
when to engage in a proxy search.
Some participants described serving as proxy researchers for
their peers. When Dawson gave dementia-related talks, people
asked him questions about specific types of dementia or how
to get tested for dementia. Hence, he would do “a little more
digging,” then “usually I’ll share with them at a very high level
what I have been able to learn, but I will also ask them to check
with their own doctor or check with an association to get
specific[s].” By contrast, Gale did not simply conduct searches
for people but rather “show[ed] them how to do it [look up
information] and where to look,” demonstrating for those
capable of looking up dementia information but in need of
training on where and how to find it.

Information Avoidance and Selective Exposure
Some participants expressed how, after a certain point,
continuing to search for dementia information led to a state of
disequilibrium rather than providing a means to reach
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equilibrium. Michael said, “I’m burned out. I’m burned out on
looking at that stuff—I get it. I get it—it is what it is.” In
response, participants chose information avoidance, or “the
human tendency to avoid, ignore, and deny information,
particularly in the context of health care” [44], to maintain their
equilibrium. When Eva experienced degenerative changes
because of dementia, she admitted, “I just let it slide by; I don’t
care. I don’t want to know.” In these instances, a participant
may experience changes inconsistent with prior knowledge or
experiences but still choose not to seek information that would
help “go beyond his current state and strike out in new
directions” [23]. Instead, some participants described avoiding
dementia information or only selectively exposing themselves
to dementia information, specifically to maintain their
equilibrium.
However, information avoidance did not necessarily signify the
end of participants’ information seeking but was used more as
a mitigation strategy to avoid shifting into disequilibrium
because of information overload at a particular moment. Thomas
occasionally used proxy search or information avoidance to
focus on life and relationships because of the following:
What’s the point? I mean I know there are some
people, they’re going to spend the rest of whatever is
left of their life worrying about it, stressing over
looking stuff up, and I’d rather go play with my dog
and go camping and do what I can, while I can, with
what time I’ve got left.
Information avoidance allowed participants to deflect negative
emotions and, instead, as Thomas explained, engage in “trying
to be a person who’s positive and happy and full of joy. And
that’s the way I want to live my life; that’s the way I want to
be known.”
The perceived high volume of web-based dementia information
was also a contributing factor to some participants’ choices to
engage in information avoidance. Eva described being
overwhelmed and frustrated:
You get too much information sometimes, and you
just don’t want to know any more facts and
information.
She also expressed dissatisfaction with not being able to find
answers to questions, sometimes simply as there were no
answers. Thomas was more fatalistic:
What’s the Internet gonna tell me about how you
improve your memory?...As far as I know, there’s no
real way to improve your memory; you either have it
or you don’t.
For some, the response to overwhelmingly negative dementia
information was not avoiding it all but rather avoiding only
emotionally triggering stories, which is a practice called
selective exposure, wherein conscious decisions are made to
consume only certain information [45]. Lila minimized
information related to the stages of dementia to manage her
anxiety:
Once you’re diagnosed...Well, you know, I have
dementia, I’m going to decline. I know that...I’m not
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going to even think about that. You know I have
enough to worry about...Why add something else on
my plate that could potentially make me more
anxious?
However, she continued to actively search for physiological
information on her symptoms. In an observation session, Eva
declined to explore the scenario to find information on coping
with anxiety caused by dementia, saying, “I don’t need to read
it. I live it...I live a lot of my life in paranoia and worry and
fear.” She then chose a less sensitive scenario and demonstrated
her technical skills without having to lose her equilibrium
because of the potential emotional toll of the information
content.

Discussion
Principal Findings
Our findings, based on the semistructured interviews with 16
participants with dementia recruited through convenience
sampling, unveiled how the postdiagnostic information needs
of people with dementia concerning their physiological,
emotional, and social aspects of life motivated participants to
actively search for information on their condition. Participants
also used the information behaviors of the ongoing search,
monitoring, proxy search, information avoidance, and selective
exposure as they worked to re-establish equilibrium. These
information behaviors were not stagnant but adapted to
accommodate the changing circumstances and needs of their
lives with dementia to continue to engage in life while living
with a degenerative neurological condition.

Comparison With Prior Work
Past research examining how information behaviors change
over time has included people with cancer [46] and diabetes
[47]. Eheman et al [46] also specifically investigated how
information-seeking strategies change from active to passive
searching after people receive cancer treatment. Although cancer
causes 10 million deaths a year, and diabetes 1.5 million,
dementia now affects >55 million people worldwide, with >10
million new annual cases [48]. This fast-growing population
merits investigation into its information-seeking behaviors,
especially as there are several forms of dementia. with even
those in the medical field being often unfamiliar with the dozens
of diseases that can cause this condition. The result is that people
diagnosed with dementia have had to learn about their complex
symptoms for themselves while trying to live fulfilling lives.
Prior research on the information behaviors of people with
dementia found that caregivers were more interested in searching
for topics specific to dementia. On the other hand, people with
dementia were more interested in finding support groups but
appeared altogether disinterested in seeking dementia
information [20,21]. Although our research validates the
importance of support groups (and provides evidence for their
role in filling physiological, social, and emotional information
needs), our findings refute this claim of disinterest. Our findings
are more aligned with the recent Harland et al [10] study, which
highlights the interests of some people with dementia to seek
information 4 weeks after diagnosis, whereas others avoided it
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as they felt they could not affect their situation [10]. Similarly,
we found that some individuals, such as Velma, practiced
information avoidance for up to 6 months after diagnosis. Some
participants’ justification for information avoidance was because
they felt emotionally “numb” (Velma) rather than powerless to
affect their situation, as reported in the study by Harland et al
[10], and even reported the decisions to engage in various
information behaviors, including actively seeking dementia
information later in their lives. Because of our semistructured
interviews with 16 participants with dementia recruited through
convenience sampling, we were able to discover the transitions
that many participants underwent in their information behavior.
Even participants who described intentionally avoiding dementia
information or only exposing themselves to certain topics many
years after diagnosis (because of the emotional toll they
anticipated) illustrated conscious choices to maintain
equilibrium. Such acts of self-preservation and self-care are
perhaps a vital stage of effective dementia information seeking
because of the pessimistic, overwhelming, and unsatisfactory
extant dementia information. This finding provides a contrasting
narrative to the typical assumption that people with dementia
are incapable of self-regulation [49]. In fact, participants were
able to recognize that searching for dementia information at
times led them to an unhealthy state of mind; therefore, they
adjusted their actions to avoid disequilibrium.
Thus, information avoidance may be worth exploring in future
research, as it may inform physicians and support and advocacy
organizations in their efforts to deliver more person-centered,
positive dementia-related information. When participants chose
to seek dementia information, they developed and used their
own systems to monitor advances in research, including regular
scrolling through curated social media accounts, which is an
avenue for the dissemination of self-narratives by people with
dementia [11,12]. Our findings also contribute to the field by
demonstrating that some people with dementia use social media
in the hopes of hearing about new breakthroughs in medical
research regarding dementia. Future studies should consider
using social media as an additional platform for disseminating
information about support services for individuals with
dementia.
Our findings depict that the information behaviors of a group
of people with dementia differ from those studied in previous
research, which found that people with mild cognitive
impairment and dementia underuse social media and push
notifications to access health information [50]. Although prior
research reported apathy toward technology in the search for
web-based dementia resources [51,52], individuals in this study
demonstrated a wide range of technology savviness and interest,
not only in finding web-based dementia resources but also in
setting up monitoring strategies through social media and
subscriptions.
We also discovered that participants regularly used web-based
platforms to seek out peers with dementia on Twitter [11,12],
Facebook [13], dementia advocacy websites [18], and web-based
forums [15-17], echoing the importance of web-based
communities. Notably, we found that people with dementia seek
peers who have lived with the diagnosis longer than they had
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in synchronous support groups such as “Dementia Mentors”
[41]. However, participants also leveraged technology to support
others as friends and mentors, with one participant (Gale)
teaching newly diagnosed people how to search for dementia
information instead of merely serving as a proxy. Such mentors
fit the concept of “Dementia Trailblazers” outlined by Johnson
et al [17] in 2020—people with dementia who were “extremely
active” and knowledgeable in web-based dementia forums in
providing information support. Thus, our findings provide
evidence of the value of creating support services that
incorporate peer mentors to teach people newly diagnosed with
dementia how to search for information to meet their
physiological, social, and emotional information needs.
Our research on the evolving information behaviors of people
with dementia has shown that their search strategies change
over time, not only because of the degenerative nature of their
condition but more importantly because they remain motivated
to re-establish a sense of equilibrium in their lives. Past work
has described how people living with cancer [24] and diabetes
[25] strive for equilibrium while coping with their diagnosis. It
is noteworthy that our study has shown that people with
cognitive disabilities are motivated by the same human need
for equilibrium in the physiological, social, and emotional
aspects of life. To the best of our knowledge, our work is the
first to theorize how information behaviors, and the transitioning
between them, are motivated by the need to re-establish an
equilibrium for people with dementia. Although past work has
largely focused on the various motivational factors for
information seeking or information avoidance [4,46,47], our
findings enrich the health information behavior literature by
illustrating a single cross-cutting motivational factor for the
range of information behaviors—equilibrium.

Implications
Revelations from this research will serve to inform medical
professionals and web-based content developers about the
information needs of the 55 million people with dementia
worldwide [48], not only to help them regain equilibrium after
the initial diagnosis of a serious brain disease but also to
continue supporting them throughout the progression of their
condition as they undergo changes in physiological, emotional,
and social aspects of their lives.

Medical Professionals
Participants described their initial diagnosis of dementia as the
trigger to disequilibrium, a finding consistent with prior research
that revealed the overwhelmingly negative manner used by
physicians to inform patients of their condition, which led to
multiple calls for physicians to adjust the language they use to
communicate a diagnosis [10,53,54]. Therefore, we add our
voices to the call for physicians to convey information in a way
that is emotionally reassuring [10] and to “instill hope in the
context of a dementia diagnosis” [54].
Left in an information desert after diagnosis, participants were
forced to go in search of answers about their type of dementia
on the web using only their random technological skills, general
education, and access to computers to sift through approximately
1.2 million TB of internet content (as of 2021). Although many
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participants eventually found health information on the web, it
was often not exactly what they needed, took an inordinate
amount of time, and was easily lost because of the complexity
involved in saving digital information. To combat these
challenges, we join in the call of previous work for
interprofessional education [55] and multidisciplinary care teams
[56] to provide more effective postdiagnosis support to people
newly diagnosed with dementia [55]. Our findings demonstrate
the necessity of providing such information upon diagnosis in
multiple formats and languages (eg, printed, web-based, verbal,
pictorial, audio, and video) and when the newly diagnosed
individual is emotionally more ready for it. Further work is
needed to identify the full range of barriers that people with
dementia may encounter when searching for health information
on the web.

Web-Based Content Developers
In pursuit of dementia information on the web, participants
described using social media platforms, search engines, dementia
advocacy websites, medical organizations, journal websites,
and online peer support groups, although they encountered
challenges with each. To address some of these challenges, we
ask content developers to better support the information needs
of people with dementia in the following areas.
As many participants wanted to actively, although selectively,
search for dementia information (to limit their exposure to
certain dementia-related topics), we would suggest improving
signposts to the content of pages, so that end users can more
easily avoid their personal informational triggers to
disequilibrium.
Furthermore, the nuisance of subscriptions was frequently
discussed, despite the participants’ stated desire to stay informed
about health information. A potential solution could be to filter
more finely any available web-based content, such as excluding
paid advertisements, providing only open-access articles, or
showing only reports whose accuracy has been academically
verified.
Finally, because of executive function challenges (eg, speed of
retrieval, recall, and retention), people with dementia sometimes
resorted to proxy searches, which often led to negative emotions
around the sense of losing agency. Therefore, we refer to
web-based content developers to learn and address the cognitive
accessibility needs of neurodiverse end users [57]. These include
but are not limited to providing clear and understandable text,
using simplified layouts to facilitate the locating of needed
information, reducing extraneous material such as advertising
and flashing notifications to maintain focus, and offering support
for different ways of understanding content [57].

Limitations
In designing a study involving people with dementia, we were
cognizant of the need to respect the time commitment and
amount of work we should require. Therefore, we limited the
scope of data collection to a single, approximately 1-hour
session. We realize that a longitudinal study of participants’
information-seeking behaviors would yield much more data;
thus, we hope that future ethnographic or autoethnographic
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studies will follow the progression of people with dementia, as
well as the evolution of their information behaviors.
Participants in this study were limited in racial, geographic,
linguistic, and age diversity because of the nature of our
convenience sampling recruitment strategy and access to
volunteers. All but 1 participant identified as White, and all
resided in the United States, the United Kingdom, Canada, or
Australia and spoke English, which does not represent the global
population currently living with dementia. Prior research shows
a higher prevalence of dementia in the United States in African
American and Latinx communities [58]. Therefore, future work
is needed to ensure that our understanding of information
behavior is more representative.
Given that 50% (8/16) of our participants were aged ≤65 years,
we also acknowledge an overrepresentation of people with
younger onset dementia [59], which only accounts for 9% of
global diagnoses [48], although this number may be an
underrepresentation of actual cases. Recruiting this relatively
younger group of participants may have resulted from the
hesitation of the older generation to reveal their diagnoses
because of stigma [32,60,61] and misinformation about
dementia, which leads to an unwillingness to discuss personal
experiences with researchers [62]. The overrepresentation may
also have been because participants were recruited using
convenience sampling from the most visible peer support and
advocacy groups that regularly expressed an interest in helping
dementia researchers. Finally, most participants in this study
used technology confidently, which may not be representative
of the general population with mild to moderate dementia,
although this is trending upward: 54.14% of people with mild
cognitive impairment or dementia report using their smartphones
and tablets almost daily [63].

Conclusions
Using an action research methodology with 2 dementia advisers
and academic researchers, we collaboratively identified the
motivations and evolution of the information behaviors exhibited
by people with dementia after diagnosis. Participants
demonstrated their ingenuity and changing abilities to search
for information themselves, shifting their information behaviors
(eg, from active to monitoring or proxy searches and from
ongoing searches to information avoidance and selective
exposure), and discussing such changes to maintain and
re-establish their sense of equilibrium in life.
Participants also demonstrated and reflected on their abilities,
challenges, and frustrations when seeking dementia information
on the web. We found that people with dementia (similar to
people with cancer, diabetes, and other conditions that trigger
disequilibrium) were motivated to adapt their information
behaviors not only to meet their evolving cognitive needs but
also to address the physiological, emotional, and social aspects
of their lives to re-establish equilibrium when faced with
inconsistent or conflicting information, even as their condition
progressed.
By informing physicians, support organizations, web-based
health resource developers, and other factors that influence
information behaviors of people with dementia, we aim to see
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innovation in communication technologies and media platforms
to facilitate their use by a neurodiverse population. In
face-to-face interactions, we hope that groups will incorporate
peer mentors to teach people newly diagnosed with dementia
how and where to search for trustworthy health information on
the internet, as well as from their medical providers. We also

Dixon et al
anticipate that our findings will guide readers newly diagnosed
with dementia and who are experiencing disequilibrium to try
some of the participants’ strategies to search for the web-based
health information that they need to re-establish equilibrium in
their own lives.
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Abstract
Background: Lack of knowledge of systematic reviews (SRs) could prevent individual health care professionals from using
SRs as a source of information in their clinical practice or discourage them from participating in such research.
Objective: In this randomized controlled trial, we evaluated the effect of a short web-based educational intervention on short-term
knowledge of SRs.
Methods: Eligible participants were 871 Master’s students of university health sciences studies in Croatia; 589 (67.6%) students
who agreed to participate in the trial were randomized using a computer program into 2 groups. Intervention group A (294/589,
49.9%) received a short web-based educational intervention about SR methodology, and intervention group B (295/589, 50.1%)
was presented with the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) checklist. The participants’
knowledge of SRs was assessed before and after the intervention. The participants could not be blinded because of the nature of
the intervention. The primary outcome was the difference in the percentage of correct answers about SR methodology per
participant between the groups after the intervention, expressed as relative risk and 95% CI.
Results: Results from 162 and 165 participants in the educational intervention and PRISMA checklist groups, respectively,
were available for analysis. Most of them (educational intervention group: 130/162, 80.2%; PRISMA checklist group: 131/165,
79.4%) were employed as health care professionals in addition to being health sciences students. After the intervention, the
educational intervention group had 23% (relative risk percentage) more correct answers in the postintervention questionnaire
than the PRISMA checklist group (relative risk=1.23, 95% CI 1.17-1.29).
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Conclusions: A short web-based educational intervention about SRs is an effective tool for short-term improvement of knowledge
of SRs among health care studies students, most of whom were also employed as health care professionals. Further studies are
needed to explore the long-term effects of the tested education.
Trial Registration: OSF Registries 10.17605/OSF.IO/RYMVC; https://osf.io/rymvc
(J Med Internet Res 2022;24(8):e37000) doi:10.2196/37000
KEYWORDS
educational intervention; systematic review; health science professionals; knowledge; randomized controlled trial

Introduction
Background
Evidence-based medicine (EBM), which is interchangeably also
called evidence-based practice (EBP) or evidence-based health
care (EBHC) [1], is credited with a major impact on health care
[2]. Systematic reviews (SRs) are considered the gold standard
evidence that helps in making decisions about health within the
concept of EBM [3].
However, multiple studies have shown a low level of knowledge
of EBM among health care professionals. Low awareness of
EBM was reported by Novak et al [4] among physicians in
Croatia, and limited knowledge but a positive attitude toward
EBM was reported by Ulvenes et al [5] among Norwegian
physicians. A study conducted by Munroe et al [6] showed that
only 3% of nurses evaluated their knowledge of EBP as very
good.
Knowledge of SRs is considered important for health sciences
and medical students as well because it is important that
clinicians know how to find and appraise evidence [7].
Knowledge of SRs in trainees can help not only in developing
useful skills in critical appraisal but also in addressing important
clinical questions and serve as a strong basis to design new,
original research studies that will fill the gaps and answer
relevant and unsolved clinical questions [8].
The importance of medical students’ exposure to EBM was
shown by Vrdoljak et al [9], who reported that knowledge and
attitudes of mentors toward EBM in general practice can be
influenced by using medical students as academic detailers. It
has been shown that better knowledge and more positive
attitudes toward EBM among medical students are associated
with the exposure to the vertical subject on research in
biomedicine and activities of The Cochrane Collaboration [10].
Glass et al [11] reported that summarized research evidence
delivered in a poster format can increase student nurses’ access
to the evidence base. This intervention has increased their
knowledge to guide their clinical practice. Thus, knowledge of
EBM is a variable that can be influenced. A lack of knowledge
of SRs and EBM could prevent individual health care
professionals from using SRs as a source of information in their
clinical practice or discourage them from participating in such
research. Several studies have shown the effectiveness of
educational programs on changing the beliefs on and attitudes
toward EBM of health care professionals and their readiness to
use evidence from EBM sources such as the Cochrane Library
or SRs to solve clinical problems [12-15].
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Web-based educational interventions are low-cost, easy to
implement, easily refined and stored for later use, and easily
accessible by health care professionals. Educational
interventions conducted via the internet related to various topics
in medicine have been shown to be effective [16,17]. Several
studies have also proved the effectiveness of web-based
educational interventions among health care professionals on
knowledge of EBP [12-14].
A 2017 Campbell SR on the effectiveness of e-learning in
improving knowledge of EBHC showed that, compared with
no learning, pure e-learning improved knowledge of and skills
regarding EBHC but not attitudes and behaviors [18]. Varnell
et al [12] showed that an accelerated 8-week training program
influenced a statistically significant positive change in beliefs
on and attitudes toward EBP. A controlled trial examining the
effect of an educational intervention on knowledge of EBM
among physicians in Israel [14] reported a significant
improvement in the level of knowledge of and attitudes toward
EBM but not a significant impact on clinical practice [14].

Objectives
We were not able to find studies evaluating the effectiveness
of educational interventions dedicated to learning about SRs
and SR methodology. In this randomized controlled trial (RCT),
we evaluated the effect of a short web-based educational
intervention about SRs on short-term knowledge of SR among
students of health sciences studies in Croatia.

Methods
Ethics Approval
The study protocol was approved by the Ethics Committee of
the Catholic University of Croatia on March 1, 2021 (Klasa:
641-03/21-01/03;
Urbroj:
498-03-02-06-02/1-21-02).
Subsequently, the ethics committees of all participating
institutions also approved the study protocol. The participants
provided written informed consent to take part in the study.

Guidelines for Reporting
The manuscript was reported in line with the CONSORT
(Consolidated Standards of Reporting Trials) checklist [19].
The CONSORT checklist for this manuscript is available in
Multimedia Appendix 1. The educational intervention was
reported in line with the Guideline for Reporting Evidence-based
Practice Educational Interventions and Teaching (GREET)
checklist [20].
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Trial Registration
The study protocol was prospectively registered (ie, before
enrolling the first participants) on the Open Science Framework
website [21]. There were no differences between the protocol
and the conducted trial.

Study Design
We conducted an RCT with 2 parallel groups and 1:1 participant
allocation.

Participants
Inclusion Criteria
The participants were students of Master’s university health
sciences studies in Croatia. The study programs available at the
participating universities were Nursing, Radiological
Technology, Clinical Nutrition, Physiotherapy, and other
programs. Full-time and part-time students were eligible to take
part in the study. Many of these students were already employed
in health care; students were eligible for participation regardless
of their employment status.

Institutions
There were 8 eligible institutions in Croatia for this study, and
we invited all of them. The following 7 institutions accepted
the invitation to participate: Catholic University of Croatia;
University Department of Health Studies Split; University
Department of Health Studies Zadar; University of Dubrovnik,
Nursing Studies; University North, Faculty of Dental Medicine
and Health; University of Osijek, Faculty of Health Studies;
and University of Rijeka. One institution declined the invitation
to participate in the study (University of Zagreb School of
Medicine).

Contacting the Students
Students from eligible institutions were contacted via email by
coauthors (MC, MN, KI, DA, NS, SZ, and SM) employed in
these institutions and invited to participate in the study on brief
web-based education about SRs of the literature. Students who
agreed to participate were randomized by simple randomization
using the Randomizer website. After randomization, they were
sent an email invitation to access the web-based platform on
which materials for participants from the educational
intervention and PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) checklist groups were
available.
The text of the email provided information about the study and
provisions related to the anonymity of the participants according
to the General Data Protection Regulation, and students were
invited to click on the link to further participate in the study.
For this study, 2 separate interfaces for the participants were
created on the SurveyMonkey platform (Momentive Inc). One
interface was created for participants in the educational
intervention group and the other for participants enrolled in the
PRISMA checklist group. Each group accessed their interface
using a separate link.
The link in the email took the participants to their respective
SurveyMonkey web-based interface. The text of the email to
the participants is presented in Multimedia Appendix 2. In the
https://www.jmir.org/2022/8/e37000
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SurveyMonkey interface, the participants were initially asked
to confirm that they voluntarily took part in the research and
that they were providing informed consent to participate in the
study by entering the next page.

Intervention Group A
In the web-based interface, intervention group A received a
newly developed intervention created by the authors of this
study with expertise in medical and health sciences education
and research methodology. The educational intervention was
written in the Croatian language. It consisted of 11 short
educational texts on the methodology of producing SRs. A
module describing the forest and funnel plots contained figures
of those 2 graphs. The content of the educational intervention
was an abbreviated version of the information contained in
Cochrane’s educational materials for web-based learning about
SRs of the literature (Cochrane Interactive Learning). The
complete content of the educational intervention, translated into
English, is presented in Multimedia Appendix 3.
The learning objectives of the educational intervention
anticipated that the participants would be able to define EBM,
recognize different levels of evidence, define an SR, ask a
clinical question, define the steps for preparing and registering
an SR protocol, describe literature search and screening, explain
the risk-of-bias assessment, and describe the process of data
analysis and interpretation in SRs. In addition to theory, there
was a practical learning objective: the participants were expected
to be able to differentiate between an abstract of an SR and of
a narrative literature review.
The first version of the educational intervention was iteratively
revised within the team. Before conducting this trial, the
web-based interface with the educational intervention was
evaluated in a qualitative study among health care workers via
semistructured interviews (Krnic Martinic et al, unpublished
data, November 2021). The results of the users’ feedback
obtained in the qualitative study were used to revise the
educational intervention.
The intervention was delivered as an asynchronous web-based
education that did not include any components of live education
or interaction.
The participants were able to go back and forth through the
web-based interface with the educational modules and respective
questions without a time limit.

Intervention Group B
Intervention group B was presented with the PRISMA checklist
[22] for reporting on SRs (Multimedia Appendix 4) in their
web-based interface, and the participants were asked to read it.
It was presented to the participants in 11 separate sections to
be as similar as possible to the number and form of the
educational texts in intervention group A.

Pre- and Postintervention Questionnaires
Both groups completed a preintervention questionnaire
containing questions about demographic characteristics and
their knowledge of SRs before the presentation of the
intervention (educational intervention or PRISMA checklist
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group; Multimedia Appendix 5). We were unable to find
questionnaires on this topic and purpose in the literature. Thus,
we designed the pre- and postintervention questionnaires
specifically for this study. The pre- and postintervention
questionnaires were not validated. Questions evaluating
knowledge of SRs were based on the questions used in our
previous studies on knowledge of SRs [23] and the definitions
of SRs [24].
At the end of the educational intervention or PRISMA checklist
presentation, the participants were asked to answer the
postintervention questionnaire (Multimedia Appendix 5). The
questionnaire contained the same questions on knowledge of
SRs as in the preintervention questionnaire as well as questions
about whether they agreed with the proposed characteristics of
the definition of SRs. Finally, they were presented with 4
abstracts of published articles and asked to assess whether they
were abstracts of SRs.
As part of the postintervention questionnaire, the participants
were asked to express the level of their agreement on whether
an SR should have 6 characteristics proposed earlier by Krnic
Martinic et al [24]. They were asked to express their agreement
with a number on a Likert scale ranging from 1 to 5 that best
suited their opinion, where 1 meant I do not agree at all and 5
meant I completely agree (Multimedia Appendix 5).
After those questions, the participants were presented with 4
abstracts of published scientific articles, of which 2 (50%) were
abstracts of SRs [25,26] and the other 2 (50%) were abstracts
of narrative reviews of the literature [27,28]. They were chosen
based on a nonstructured literature search of SRs where we tried
to find SR abstracts that were simple to understand and
appropriate for the target population. The abstracts did not
contain any mention of the study design used. If the abstract
reported that it was an abstract of an SR or if a systematic search
was mentioned, that part of the abstract was removed. The
participants were asked to assess whether the abstracts were
abstracts of SRs. The 4 abstracts used for this assessment are
presented in Multimedia Appendix 6 [25-28].
On the last page of the interface in both intervention groups A
and B, the participants were invited to optionally leave their
first and last name and email address if they wanted to receive
a certificate of participation in the educational intervention. The
certificate was prepared by Cochrane Croatia.
The entire questionnaire we administered to the participants
was a survey and not a psychological instrument. Thus, we did
not perform any psychometric calculations. For the 6
before-and-after questions about the opinion regarding SRs, we
calculated that, at the first measurement (before the
intervention), reliability was .89, expressed using Cronbach α.

Outcomes
The primary outcome was the difference in the percentage of
correct answers per participant in the postintervention
questionnaire between intervention groups A and B.
Secondary outcomes were the difference in the percentage of
correct answers per participant in the pre- and postintervention
questionnaires for the intervention group, the proportion of
https://www.jmir.org/2022/8/e37000
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participants who correctly recognized an abstract describing an
SR of the literature (percentage), and the proportion of
participants who correctly recognized an abstract describing a
simple narrative review of the literature (percentage).

Participant Timeline
After we obtained permission from the ethics committees, the
participants were invited to take part. After collecting the names
of students who agreed to participate and randomizing them,
the invitation to participate in the study containing the link to
the intervention A or intervention B interface was sent on June
7, 2021. The links were inactivated on June 20, 2021. The
knowledge assessment was conducted immediately after the
intervention.

Sample Size
The expected effect size was a difference of at least 20% for
the primary outcome between intervention groups A and B. The
calculation of the sample size to compare the proportions,
predefining an α of .05 and β of .20, assuming a difference of
at least 20% for the primary outcome between intervention
groups A and B, determined that a sample size of 182
participants (91 participants per group) would be required. To
compensate for the possible loss of participants after the
beginning of the survey (incomplete answers) or the possibility
that participants who initially agreed to take part might
eventually choose not to take part, the plan was to include at
least 20% more participants than calculated as necessary
(n=218).

Encouraging the Inclusion of Participants
(Recruitment)
After the initial email was sent to the participants with the link
to their respective study arm, 3 more reminders were sent to the
participants 4 days apart.

Randomization of Participants
The participants were randomized by simple randomization
using the Randomizer website.

Allocation Concealment
After randomization, the participants were allocated to the study
arms using a randomization sequence by a third person who
was not included in other parts of the study.

Blinding
Blinding of Participants and Personnel
The intervention was of such a nature that the participants could
not be blinded.

Blinding of Outcome Assessors
Only the first author (MKM) and the principal investigator (LP)
had access to the complete raw data set generated by
SurveyMonkey, which included the names and email addresses
of the participants who wanted the certificate. MKM removed
the participants’ names and email addresses before the outcome
assessor (IB) analyzed the data; thus, anonymized data were
analyzed.
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Data Management
One author downloaded Microsoft Excel worksheets from
SurveyMonkey, which were anonymized in case any participant
left a name and email address to obtain the certificate. The
SurveyMonkey interface was configured not to collect any
information about the participants, including IP addresses. The
data were stored on a secure server until the time of analysis.

Statistical Analysis

Krnic Martinic et al
using median and 95% CIs, the results were similar in both
groups, although there were significant differences after the
intervention. Therefore, we proceeded with parametric testing,
which gave the same results but was more precise as it enabled
us to interpret the direction of the difference clearly.
All analyses were performed using the computer program JASP
(version 0.14.1.0; JASP Team). Statistical significance was set
at P<.05.

To determine the normality of the variables’ distribution, we
used the Kolmogorov-Smirnov test. Categorical data were
presented as frequencies and percentages, and numerical values
were presented as medians with IQR for variables not following
normal distribution and as arithmetic means with IQR for
variables following normal distribution. Differences between
intervention groups A and B for categorical variables were tested
using the chi-square test. To express the difference between
groups, numerical values were tested with 2-tailed t tests for
independent samples (for variables following normal
distribution) and Mann-Whitney tests (for variables not
following normal distribution). Pre- and postintervention
differences were evaluated using the chi-square test for
categorical variables and the t test for independent samples for
numerical variables. The effect size for the primary outcome
(the difference between the percentage of correct answers
between groups in the postintervention questionnaire) was
expressed using relative risk (RR) and 95% CI, as was the
difference between the number of correct answers in the preand postintervention questionnaires in both groups. The effect
size for the secondary outcome was expressed using odds ratio
with 95% CI.

Results

We assessed the participants’ opinions before and after using
parametric procedures on Likert-type scales, which are usually
analyzed using a nonparametric test. This was done because,
after the initial analysis where we used nonparametric statistics,
the results were not interpretable. When we presented results

The average time the participants took to complete the entire
interface with questionnaires and educational materials was 21
(SD 9.00) minutes in the educational intervention group and 19
(SD 3.96) minutes in the PRISMA checklist group.
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Participant Flow
In this trial, 871 potential participants met the inclusion criteria,
of whom 282 (32.4%) indicated that they did not want to
participate in the study. Thus, 67.6% (589/871) of students were
randomized: 31.1% (183/589) from University North; 23.1%
(136/589) from the Catholic University of Croatia; 22.4%
(132/589) from the Faculty of Health Studies, University of
Rijeka; 14.3% (84/589) from the University Department of
Health Studies Split; 6.6% (39/589) from the University
Department of Health Studies Zadar; 1.7% (10/589) from the
University of Dubrovnik, Nursing Studies; and 0.8% (5/589)
from the Faculty of Dental Medicine and Health, University of
Osijek.

Recruitment and Access to the Educational Platform
The link to participate in the study was sent via email to the
addresses of the 589 students on June 7, 2021. The students
were sent 3 reminders 4 days apart, and access to the web-based
platforms was inactivated on June 20, 2021. A detailed
participant flow diagram is shown in Figure 1.
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Figure 1. Participant flow diagram. PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.

Baseline Participant Characteristics
The demographic participant data are presented in Table 1. More
than 40% of the participants (educational intervention group:
66/162, 40.7%; PRISMA checklist group: 64/165, 38.8%) were
from 1 institution (University North), >80% of the participants
(educational intervention group: 134/162, 82.7%; PRISMA
checklist group: 138/165, 83.6%) studied nursing, and >50%
of the participants (educational intervention group: 97/162,
59.9%; PRISMA checklist group: 85/165, 51.5%) attended the
second year of study. More than 80% of the participants
(educational intervention group: 136/162, 84%; PRISMA
checklist group: 138/165, 83.6%) were employed while studying
for their Master’s degree. Most participants were employed as
health care workers (educational intervention group: 130/162,
80.2%; PRISMA checklist group: 131/165, 79.4%). The median
length of working in health care was 9.9 years among
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participants who received the educational intervention and 9.8
years in the PRISMA checklist group. The median age of the
participants in both groups was approximately 30 years, and
>85% of the participants in both groups were women
(educational intervention group: 140/162, 86.4%; PRISMA
checklist group: 146/165, 88.5%; Table 1).
Participants in both groups rated their knowledge of SRs with
a median grade of 3 (range 1-5). All participants (327/327,
100%) stated that they had heard of SRs, and approximately
three-quarters of the participants in both groups (educational
intervention group: 124/162, 76.5%; PRISMA checklist group:
123/165, 74.5%) stated that they had read an SR. In our sample,
17.3% (28/162) of the participants from the group that received
the educational intervention and 18.2% (30/165) of the
participants from the PRISMA checklist group stated that they
had participated in producing an SR (Table 1).
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Table 1. Demographic characteristics of the participants included in the analysis (N=327).
Educational intervention (n=162)

PRISMAa checklist (n=165)

Faculty of Dental Medicine and Health Osijek

3 (1.9)

2 (1.2)

Faculty of Health Studies, University of Rijeka

26 (16)

30 (18.2)

Croatian Catholic University

46 (28.4)

41 (24.8)

Health Department, University of Zadar

18 (11.1)

20 (12.1)

Health Studies, University of Dubrovnik

0 (0)

3 (1.8)

Health Studies, University of Split

3 (1.9)

5 (3)

University North

66 (40.7)

64 (38.8)

Physiotherapy

17 (10.5)

15 (9.1)

Clinical Nutrition

5 (3.1)

8 (4.8)

Radiological Technology

2 (1.2)

1 (0.6)

Nursing

134 (82.7)

138 (83.6)

Something else

4 (2.5)

3 (1.8)

First

59 (36.4)

74 (44.8)

Second

97 (59.9)

85 (51.5)

Third

6 (3.7)

6 (3.6)

Currently employed (yes), n (%)

136 (84)

138 (83.6)

Currently employed as a health care worker (yes), n (%)

130 (80.2)

131 (79.4)

Length of work status (years), median (IQR)

7 (3-15)

6 (2-16)

Age (years), median (IQR)

28 (24-35)

26 (24-34)

Women, n (%)

140 (86.4)

146 (88.5)

Self-assessment of knowledge of EBMb (1-5), median (IQR)

3 (3-4)

3 (3-4)

Had heard about systematic reviews, n (%)

162 (100)

165 (100)

Had read a systematic review, n (%)

124 (76.5)

123 (74.5)

Had participated in writing a systematic review, n (%)

28 (17.3)

30 (18.2)

Variable and level
Institution, n (%)

Study program, n (%)

Year of study, n (%)

a

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.

b

EBM: evidence-based medicine.

Numbers Analyzed
Of the 420 participants who accessed the interface, 327 (77.9%
response rate) completed the questionnaires, and their results
were included in further analysis (Figure 1).
Owing to incomplete questionnaires, we excluded the results
of 23.9% (51/213) of participants from the educational
intervention group and 20.3% (42/207) of participants from the
PRISMA checklist group. The results of 54.9% (162/295) of
participants from the educational intervention group and 56.1%
(165/294) of participants from the PRISMA checklist group
were finally included in the analysis. There were no transfers
of participants from one group to another.
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Primary Outcome
In the postintervention questionnaire, of the 1458 potential
correct answers, there were 1086 (74.49%) correct answers to
knowledge questions in the educational intervention group
(162/327, 49.5%). In the PRISMA checklist group (165/327,
50.5%), of the 1485 potential correct answers, there were 900
(60.61%) correct answers (Table 2). Thus, the effect size for
the difference in the number of correct answers to knowledge
questions between groups was an RR of 1.23 (95% CI
1.17-1.29); that is, the educational intervention group had 23%
(relative risk percentage) more correct answers in the
postintervention questionnaire than the PRISMA checklist
group.
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Table 2. Knowledge of systematic reviews (SRs) among participants who completed pre- and postintervention assessments (N=327).
Educational intervention
(n=162)

PRISMAa checklist
(n=165)

P valueb

It is sufficient to search one database to produce an SR (no), n (%)

128 (79)

139 (84.2)

.22

SRs must be produced by one author only (no), n (%)

103 (63.6)

98 (59.4)

.44

SRs must contain meta-analyses (no), n (%)

17 (10.5)

21 (12.7)

.52

SRs must have duplicate screening and data extraction (yes), n (%)

87 (53.7)

83 (50.3)

.54

A list of both included and excluded studies must be provided (yes), n (%)

117 (72.2)

116 (70.3)

.70

The quality of the included studies must be assessed (yes), n (%)

135 (83.3)

143 (86.7)

.40

In the case of meta-analyses, a heterogeneity test must be done to ensure the
results of the studies can be combined (yes), n (%)

126 (77.8)

126 (76.4)

.76

Results of meta-analyses must be presented as a funnel plot (no), n (%)

31 (19.1)

13 (7.9)

.003

Results of publication bias analysis must be presented as a forest plot (no), n
(%)

31 (19.1)

27 (16.4)

.51

Total correct answer scores, mean (95% CI)

4.8 (4.5-5.0)

4.6 (4.4-4.9)

.44

It is sufficient to search one database to produce an SR (no), n (%)

156 (96.3)

120 (72.7)c

<.001

SRs must be produced by one author only (no), n (%)

153 (94.4)

126 (76.4)

<.001

Questionnaire and items
Preintervention questionnaire (correct answer)

Postintervention questionnaire (correct answer)

a

c

c

SRs must contain meta-analyses (no), n (%)

38 (23.5)

SRs must have duplicate screening and data extraction (yes), n (%)

144 (88.9)

111 (67.3)c

<.001

A list of both included and excluded studies must be provided (yes), n (%)

144 (88.9)

141 (85.5)c

.35

The quality of the included studies must be assessed (yes), n (%)

155 (95.7)c

142 (86.1)

.003

In the case of meta-analyses, a heterogeneity test must be done to ensure the
results of the studies can be combined (yes), n (%)

150 (92.6)c

146 (88.5)c

.20

Results of meta-analyses must be presented as a funnel plot (no), n (%)

80 (49.4)c

44 (26.7)c

<.001

Results of publication bias analysis must be presented as a forest plot (no), n
(%)

66 (40.7)c

37 (22.4)c

<.001

Total correct answer scores, mean (95% CI)

6.7 (6.5-6.9)c

5.5 (5.3-5.7)c

<.001

33 (20)

.45

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.

b

Comparison between educational intervention and PRISMA checklist groups. Chi-square test was used for categorical variables, and 2-tailed t test
was used for independent samples for numeric variables.
c

Comparison before and after the intervention. Chi-square test was used for categorical variables, and 2-tailed t test was used for dependent samples
for numeric variables.

Secondary Outcomes
Difference in the Number of Correct Answers per
Participant in the Pre- and Postintervention
Questionnaires for the Educational Intervention Group
Both groups performed better on the postintervention
questionnaire than on the preintervention questionnaire (Table
2). In the educational intervention group, the total number of
correct answers was 53.16% (775/1458) in the preintervention
questionnaire and 74.49% (1086/1458) in the postintervention
questionnaire (RR=1.40, 95% CI 1.32-1.48; Table 2). In the
PRISMA checklist group, the total number of correct answers
was 51.58% (766/1485) in the preintervention questionnaire
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and 60.61% (900/1485) in the postintervention questionnaire
(RR=1.17, 95% CI 1.10-1.25; Table 2).
Independent of the group, in the pre- and postintervention
questionnaires, the smallest number of correct answers was to
questions related to the concept of meta-analysis, whereas, in
both groups, the highest number of correct answers was to the
question about the necessity to assess the quality of research
included in the SR (Table 2).
There was no difference in the overall results of the
questionnaire assessing knowledge of SRs (the exact number
of answers to all 9 knowledge questions) between the
educational intervention and PRISMA checklist groups before
the intervention (Table 2).
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Proportion of Participants Who Correctly Recognized
SR Abstracts
The first 2 presented summaries were identified accurately as
summaries of SRs by 65.4% (106/162) and 74.1% (120/162)
of participants from the educational intervention group and
71.5% (118/165) and 72.7% (120/165) of participants in the
PRISMA checklist group, respectively (Table 3). There was no
statistically significant difference between the groups in the
ability to correctly detect an SR summary (Table 3).

Krnic Martinic et al
The third and fourth summaries were recognized as a summary
of a simple narrative review by 22.2% (36/162) and 46.3%
(75/162) of participants from the educational intervention group
and 34.5% (57/165) and 47.9% (79/165) of participants from
the PRISMA checklist group, respectively (Table 3). There was
no statistically significant difference between the groups in the
recognition of summaries of narrative reviews (Table 3).

Table 3. Comparison of answers to questions on sources of information needed to answer a clinical question and recognition of a systematic review
(SR) abstract (N=327).
Variable and level

Educational intervention (n=162), n (%)

PRISMAa checklist (n=165), n (%)

P valueb

If you needed to search for information to solve a clinical problem, what would be the preferred information source for you?
Colleagues

65 (40.1)

65 (39.4)

.98

Books

59 (36.4)

61 (37)

.98

Scientific literature

120 (74.1)

132 (80)

.25

SR of the literature

135 (83.3)

136 (82.4)

.93

Internet search engine (Google)

29 (17.9)

30 (18.2)

.98

Abstract 1c—correct answer “Yes”

106 (65.4)

118 (71.5)

.34

Abstract 2d—correct answer “Yes”

120 (74.1)

120 (72.7)

.56

Abstract 3e—correct answer “No”

36 (22.2)

57 (34.5)

.02

Abstract 4f—correct answer “No”

75 (46.3)

79 (47.9)

.78

Is this an SR abstract?

a

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.

b

Chi-square test.

c

A total of 7 answers missing.

d

A total of 7 answers missing.

e

A total of 8 answers missing.

f

A total of 10 answers missing.

Additional Analyses
There was no statistical difference in the choice of information
sources between the educational intervention and PRISMA
checklist groups in the postintervention questionnaire, with
multiple possible responses about where the participants would
look for answers to a clinical question from their own clinical
practice (Table 3). More than 80% of the participants in both
groups (educational intervention group: 135/162, 83.3%;
PRISMA checklist group: 136/165, 82.4%) stated that they
would look for answers in an SR. Most participants (educational
intervention group: 120/162, 74.1%; PRISMA checklist group:
132/165, 80%) responded that they would look for answers in
scientific literature in general (Table 3). A third of the
participants in both groups would look for an answer to a clinical
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question in a textbook (educational intervention group: 59/162,
36.4%; PRISMA checklist group: 61/165, 37%) or ask a
coworker for an answer (educational intervention group: 65/162,
40.1%; PRISMA checklist group: 65/165, 39.4%). Less than
one-fifth of the participants in both groups would search for an
answer on an internet search engine such as Google (educational
intervention group: 29/162, 17.9%; PRISMA checklist group:
30/165, 18.2%; Table 3).
In the preintervention assessment in both groups of participants,
there was no significant difference in agreement with the
proposed characteristics of an SR (Table 4). After the
intervention, there was more agreement with these
characteristics in the educational intervention group than in the
PRISMA checklist group (Table 4).
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Table 4. Responses regarding the characteristics of a systematic review in the pre- and postintervention questionnaires (N=327)a.
Educational intervention
(n=162), mean (95% CI)

PRISMAb checklist
(n=165), mean (95% CI) P valuec

4.5 (4.4-4.7)

4.4 (4.2-4.5)

.09

Listed sources of literature searched, with repeatable search strategy
4.4 (4.2-4.5)
(naming of databases, naming of search platforms, search date, and complete search strategy)

4.2 (4.0-4.3)

.08

Listed criteria for inclusion and exclusion of research

4.5 (4.3-4.6)

4.3 (4.1-4.4)

.04

Listed selection methods

4.4 (4.3-4.6)

4.3 (4.2-4.5)

.45

Critically evaluates and reports on the quality or risk of bias of the included 4.4 (4.2-4.5)
studies

4.1 (4.0-4.3)

.04

Provides information on data analysis and synthesis that allows for the
repeatability of the results

4.4 (4.2-4.5)

4.2 (4.1-4.4)

.11

4.8 (4.7-4.9)

4.6 (4.5-4.7)

<.001

Listed sources of literature searched, with repeatable search strategy
4.7 (4.6-4.8)
(naming of databases, naming of search platforms, search date, and complete search strategy)

4.6 (4.5-4.7)

.05

Listed criteria for inclusion and exclusion of research

4.8 (4.7-4.9)

4.5 (4.4-4.6)

<.001

Listed selection methods

4.8 (4.7-4.9)

4.6 (4.5-4.7)

.02

Critically evaluates and reports on the quality or risk of bias of the included 4.7 (4.6-4.8)
studies

4.5 (4.4-4.6)

<.001

Provides information on data analysis and synthesis that allows for the
repeatability of the results

4.5 (4.3-4.6)

<.001

Questionnaire and items
Preintervention questionnaire
Research question is defined

Postintervention questionnaire
Research question is defined

a

4.7 (4.6-4.8)

All differences before and after were statistically significant at P<.05; 2-tailed t test for paired samples.

b

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.

c

t test (2-tailed) for independent samples.

Discussion
Principal Findings
This RCT demonstrated that a brief educational intervention
conducted on the web about SRs significantly increased
knowledge of SRs in the target population. To the best of our
knowledge, this is the first trial conducted for this purpose.
Relatively successful learning models about EBM have been
reported in the literature [15,29-31], but we could not find any
publications on the effectiveness of educational interventions
focused exclusively on knowledge of SRs.

Comparison With Prior Work
The participants from the educational intervention group
(162/327, 49.5%), who were presented with a new educational
intervention designed for this study, needed an average of 21
minutes to go through the entire interface. The interface included
multiple sections beyond educational intervention: pre- and
postintervention questionnaires and the evaluation of 4 scientific
abstracts. However, the web-based platform used for this study
did not allow for the measurement of the time spent on specific
items or pages in the interface. Thus, we cannot know how long
the participants read the educational texts prepared for the
educational intervention and PRISMA checklist groups.
However, if we consider the time to read and answer the
https://www.jmir.org/2022/8/e37000
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questions, the participants probably needed 15 minutes or less
to read the educational intervention itself. Such an intervention
is very short. Therefore, the intervention should be suitable for
health professionals who usually state that their lack of time is
a major obstacle to practicing EBM [32-34] and implementing
the EBM curriculum during education [35].
Initially, participants in both groups rated their knowledge of
SRs with a median grade of 3 out of 5. This is comparable with
the self-assessed knowledge of EBP among nurses evaluated
in the study conducted by Munroe et al [6]. In that study, only
3% of the nurses said that they were very familiar with EBP
[6].
Three-quarters of the participants (educational intervention
group: 124/162, 76.5%; PRISMA checklist group: 123/165,
74.5%) stated that they had read SRs. We were surprised with
the result that 17.3% (28/162) and 18.2% (30/165) of the
participants in the educational intervention and PRISMA
checklist groups, respectively, stated that they had participated
in developing a SR, which is a high percentage [6]. SR
methodology is very complex. Thus, it is questionable whether
the students have actually participated in the development of
SRs in such large numbers. Health students may have
participated, for example, in translating Cochrane’s plain
language summaries into Croatian [36,37]. However, without
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the possibility of further clarifying what the participants really
meant, it is not possible to discuss this topic in further detail.
In the study by Olsson et al [38], which focused on nursing PhD
programs and candidatures, in the analyzed 135 nursing
dissertations made according to the Scandinavian model of
integrated research, only 5 published SRs were found (ie, only
4% of the included nurses—dissertation authors—participated
in developing an SR). This number is much lower than the
percentage of our participants who stated that they had
participated in the production of an SR, and our students were
not PhD students but Master’s-level students.
The primary outcome of this study was the difference in the
percentage of correct answers collected from the educational
intervention and PRISMA checklist groups when answering
questions evaluating knowledge of SRs on the postintervention
questionnaire after the participants had read the educational
materials. After the training, the educational intervention group
had 23% more correct answers than the PRISMA checklist
group (ie, the size of the effect expressed in RR was 1.23). In
addition, comparing the pre- and postintervention questionnaire
results in the educational intervention group, there were
significantly more correct answers on the postintervention
questionnaire than on the preintervention questionnaire, with
an RR of 1.40. The RR of correct answers comparing the preand postintervention questionnaires in the PRISMA checklist
group was 1.17.
An RCT by Sánchez-Mendiola et al [15] showed a significant
effect of EBM education on the final knowledge of EBM among
medical students, with a 25.9% increase in correct answers in
the knowledge test about EBM [15]. This is comparable with
our primary outcome results. However, it should be emphasized
that their intervention was very different in terms of content
and duration. Sánchez-Mendiola et al [15] tested an EBM course
with 14 two-hour weekly sessions during 1 semester. The course
was a formal part of the medical school curriculum; it was
delivered by 6 experienced professors and included different
content compared with ours. Their course covered 15 topics,
including clinical decision-making, uncertainty and probability
in medicine, the Bayes theorem, and clinical guidelines [15].
Rohwer et al [18] evaluated the effectiveness of e-learning in
improving EBHC in a Campbell SR. The study included 24
trials, of which 20 were RCTs and 4 were observational studies,
with a total of 3825 participants including physicians, nurses,
physiotherapists, physician assistants, and educators at all levels
of education. It demonstrated that, compared with nonlearning,
pure e-learning improved EBHC knowledge and skills with
similar outcomes to face-to-face learning for any observed
primary outcome.
In 2021, needs assessments and expectations regarding EBP
knowledge acquisition and training activities were explored
among frontline health care providers, including postgraduate
medical and nursing students who were working or living in
China. The results indicated that the respondents expressed a
high need for education on evidence quality appraisal,
interpretation of SRs or meta-analyses, and knowledge
translation [39]. However, it may not be sufficient to only strive
for the improvement of knowledge among the targeted
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individuals. Nursing education at the undergraduate level is
starting to teach the process of research integration through EBP
implementation with active learning strategies, which is
endorsed by the students [40].
To advance the knowledge and application of evidence in daily
practice, ultimately, health institutions will also need to
recognize the need to foster such topics [41].
Our educational intervention, implemented via a web tool, is
particularly suitable in the current time of the COVID-19
pandemic. Owing to containment measures, many parts of the
world have switched to web-based education during the
COVID-19 pandemic. Bond et al [42] published a living
systematic mapping review on August 30, 2021, calling the
web-based teaching experience during the pandemic the “first
global online semester.” Although such teaching was initially
seen as a distance learning response to emergency remote
teaching [43], the educational experience gained during a
pandemic is very valuable for evaluating the distance learning
experience. Our study provides a further test of a remotely
delivered educational intervention targeting students and health
care workers.
Many studies have evaluated experiences with virtual continuing
medical education during the pandemic [44-48]. The SR
education evaluated in our study could be incorporated into
continuing medical education programs for health care
professionals. Owing to the short format and the possibility of
distance learning, such education could be of interest to health
care professionals who want to learn more about the basics of
SRs.
In addition to showing the efficacy of our newly designed
educational intervention, our study also indicated areas where
the target group of participants significantly lacked knowledge.
Independent of the group, in the pre- and postintervention
questionnaires, the smallest number of correct answers was to
questions related to the concept of meta-analysis and questions
about graphical representations of meta-analyses (funnel plot
and forest plot). Very modest improvements were observed in
those questions in the postintervention questionnaire. In a study
on knowledge of the basic methodological components of SRs
conducted by Puljak and Sapunar [23] among the directors of
postgraduate programs at European universities, only 31% of
the participants answered correctly that an SR does not
necessarily contain a meta-analysis.
There were few correct answers to questions about graphical
presentations of meta-analyses. In the educational intervention
group, before the training, 20% of the participants correctly
answered what a funnel plot and a forest plot represented. In
the PRISMA checklist group, only 8% of the participants
correctly answered what a funnel plot represented, and 16%
correctly answered what a forest plot depicted. In the
postintervention questionnaire, in the educational intervention
group, 40.7% (66/162) to 49.4% (80/162) of the participants
correctly answered the question about the use of the forest plot
or funnel plot, whereas, in the PRISMA checklist group, only
a fifth (37/165, 22.4%) to a quarter (44/165, 26.7%) of the
participants correctly answered these questions. However, after
the educational intervention, more than half of the participants
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did not know the correct answer to the questions regarding the
graphical representations of meta-analyses.
Poor knowledge of graphical representations in meta-analyses
has been described elsewhere. A survey conducted on
psychologists in Italy found that less than a fifth of psychologists
estimated that they had sufficient knowledge of the forest plot
[49]. Less than 15% of psychologists stated that they had
sufficient knowledge of the funnel plot [49]. A survey conducted
on psychologists in Spain showed that only approximately 10%
of the participants said that they had satisfactory knowledge of
the forest plot. Only 7% of the participants said that they had
satisfactory knowledge of the funnel plot [50]. Only 10% of
PhD program directors accurately recognized the purpose of
funnel plots, and 11.3% recognized the purpose of the forest
plot [23]. Poor knowledge of graphical representations of
meta-analyses may be the best indicator of generally poor
knowledge of SR and meta-analysis methodology.
In this study, we also included a practical knowledge test that
involved the recognition of journal abstracts of SRs after the
intervention. The accuracy of journal abstract recognition was
22% to 72% in the educational intervention group and 46% to
74% in the PRISMA checklist group, without a statistically
significant difference between the groups. This was the final
test of understanding and pragmatic application of the
knowledge acquired in our trial. We found that the educational
intervention did not significantly affect the recognition of
abstracts of SRs. It is possible that a time lag or longer
systematic learning is needed for the acquired knowledge of
SRs to influence the practical application of the knowledge
itself. It is also possible that it is necessary to further adjust the
educational intervention to enable the practical application of
the acquired knowledge.
In the postintervention questionnaire, the participants were
asked which sources of information they would use in searching
for an answer to a question from their clinical practice, and most
participants from both groups opted for scientific literature
(educational intervention group: 120/162, 74.1%; PRISMA
checklist group: 132/165, 80%) or SRs (educational intervention
group: 135/162, 83.3%; PRISMA checklist group: 136/165,
82.4%). Compared with the results of a study conducted by
Sánchez-Mendiola et al [15] on medical students in Mexico, in
our study, a significantly higher percentage of students chose
to search for answers in SRs and scientific literature. In the
study by Sánchez-Mendiola et al [15], most participants from
the group that attended EBM classes stated that, in solving a
certain health problem, they looked for answers in review
articles or the Cochrane Library only occasionally, whereas
very often they would look for the answer to a health problem
in textbooks or search engines or they would ask their teachers.
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Nevertheless, the number of students who would seek answers
in the Cochrane Library or scientific articles was higher than
in groups of students who did not attend classes on EBM [15].
Evidently, education about EBM—or, in our case, about
SRs—has the express intention to use these data sources more
often in solving clinical problems.

Strengths and Limitations
The strength of this study is the appropriate sample size and a
high number of fully completed questionnaires, with
three-quarters of the participants (327/420, 77.9%) completing
the questionnaire in full and almost equal numbers of unfinished
questionnaires in the educational intervention and PRISMA
checklist groups, allowing for comparable results. Furthermore,
we tested the practical application of the acquired knowledge
of SRs by asking the students to recognize summaries of SRs
or narrative reviews.
A limitation of this study is a highly homogeneous sample that
does not allow for significant analyses by sociodemographic
subgroups. We acknowledge that there is a potential
self-selection aspect in our final sample. We do not have data
about nonparticipants among the eligible students and,
theoretically, there could be some differences between
responders and nonresponders. However, this is an inherent
problem of any trial—the eligible participants are invited to
take part, and they can choose whether they want to participate.
The study was conducted in only 1 country but in multiple
institutions across the country. We did not measure the time
spent in the intervention; some participants may not have spent
much time reading the text. Furthermore, we measured the
outcomes immediately after the reading of the educational texts.
Such short-term follow-up does not allow for monitoring of the
long-term retention of knowledge of SRs among the participants.
Longer-term research will make it possible to verify the
long-term effectiveness of the intervention on the knowledge
of the target group.
Finally, we would like to note that, in this manuscript, when
referring to the studies of other researchers, we used the terms
EBM, EBP, and EBHC as they were reported in those
manuscripts.

Conclusions
A short web-based educational intervention about SRs is an
effective tool for short-term improvement of knowledge of SRs
among health care studies students, most of whom were
employed as health care professionals. This education can be
further studied, modified, and used in the continuing medical
education of health care professionals.
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Abstract
Background: Eating disorders and other forms of disordered eating cause significant complications and comorbidities in patients.
However, full remission with current standard treatment remains low. Challenges to treatment include underdiagnosis and high
dropout rates, as well as difficulties in addressing underlying emotion dysregulation, poor impulse control, and personality traits.
Serious video games (SVGs), which have the advantages of being highly engaging and accessible, may be potential tools for
delivering various forms of treatment in addressing the underlying psychopathology of disordered eating.
Objective: This review aims to provide an overview of the possible mechanisms by which SVGs may affect the clinical course
of disordered eating, while evaluating the outcomes of studies that have assessed the role of SVGs in the treatment of disordered
eating.
Methods: A systematic search was performed on PubMed, PsycINFO, and Embase, using keywords related to SVGs, disordered
eating, and eating disorders. A narrative synthesis was subsequently carried out.
Results: In total, 2151 papers were identified, of which 11 (0.51%) were included. Of these 11 studies, 10 (91%) were randomized
controlled trials, and 1 (9%) was a quasi-experimental study. The types of SVG interventions varied across the studies and targeted
different mechanisms of disordered eating, ranging from addressing problem-solving and emotion regulation skills to neurocognitive
training for inhibitory control. Most (10/11, 91%) of the studies showed some benefit of the SVGs in improving certain physical,
behavioral, or psychological outcomes related to disordered eating. Some (4/11, 36%) of the studies also showed encouraging
evidence of the retention of these benefits at follow-up.
Conclusions: The studies included in this review provide collective evidence to suggest the various roles SVGs can play in
plugging potential gaps in conventional therapy. Nonetheless, challenges exist in designing these games to prevent potential
pitfalls, such as excessive stress arising from the SVGs themselves or potential gaming addiction. Further studies will also be
required to assess the long-term benefits of SVGs as well as explore their potential preventive, and not just curative, effects on
disordered eating.
(J Med Internet Res 2022;24(8):e39527) doi:10.2196/39527
KEYWORDS
serious video games; serious games; video games; gamification; digital health; eHealth; mobile health; mHealth; disordered
eating; eating disorders
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Introduction
Background
At least 9% of the world’s population is affected by eating
disorders [1], with adolescents and young adults being the most
likely to be diagnosed with eating disorders [2,3]. Besides their
implications for mental health, eating disorders also cause
multisystemic medical complications [4]. Disordered eating is
a term that encompasses eating disorders that were formally
defined by the Diagnostic and Statistical Manual of Mental
Disorders, Fifth Edition, such as anorexia nervosa (AN), bulimia
nervosa (BN), and binge eating disorder (BED) [5]. However,
besides the aforementioned eating disorders, disordered eating
may also refer to pathological eating behaviors, including
restricting, bingeing, purging, or other compensatory behaviors,
without fulfilling the Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition, criteria for eating disorders
[6]. Disordered eating attitudes can be driven by underlying
body dissatisfaction or body image concerns (for restricting and
purging), as well as an impairment of inhibitory control (for
bingeing) [7,8].
Treatment of eating disorders hinges on early recognition and
intervention, which is associated with better response to therapy
as well as long-term outcomes [9]. According to guidelines
from the National Institute for Health and Care Excellence,
treatment of eating disorders such as AN, BN, and BED
generally involves multidisciplinary effort, including
psychoeducation, dietary rehabilitation, and monitoring and
treatment of physical complications, as well as psychological
treatment. Although eating disorder–focused cognitive
behavioral therapy (CBT) is commonly perceived to be the
first-line treatment and has the strongest and most rapid effects,
evidence of its efficacy has been scarce for persistent AN as
well as AN in adolescents [10]. Of note, a review published in
2002 revealed that only 46.8% of the patients with AN reached
full recovery, 33.5% improved, and in 20.8% the disorder
became chronic [11]. Treatment is also often limited by high
rates of patients dropping out, ranging from 20.2% to 49.6%
[12]. Mortality rates of these illnesses are still high, with those
who received inpatient treatment for AN having more than 5
times increased mortality risk [13].
Challenges to the treatment of disordered eating are multifold.
To start with, disordered eating is often underdiagnosed and
undertreated because of a lack of awareness or feelings of shame
associated with its diagnosis [14-16]. Obstacles to treating
disordered eating can then be broadly considered in terms of
patient- and clinician-related factors. Clinician-related factors
that prevent use of evidence-based therapies include lack of
training and individual beliefs regarding the effectiveness of
certain forms of therapy, as well as over- or undervaluing certain
elements of therapy [17]. There may also be difficulties in
establishing a therapeutic alliance with the patient who is
required to become vulnerable and give up some sense of control
during the course of treatment [18]. Patient-related factors for
poor treatment response can be examined through the underlying
psychopathology of eating disorders. In patients with AN or
BN, for instance, an underlying ego-syntonic pursuit of thinness
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or body dissatisfaction may be difficult for the patient to give
up [18,19]. Furthermore, core features seen in disordered eating,
such as the lack of impulse control, poor emotion regulation
[20], and high reward-seeking behavior [21], are often difficult
to address even with established forms of psychotherapy [22,23].
These comorbidities can also in turn affect motivation and
compliance to psychological treatment [18]. In addition, traits
of narcissistic, borderline, obsessive-compulsive, and avoidant
personalities, which may be common in patients with disordered
eating, may also negate treatment adherence and effectiveness
[18,24]. The limitations of current conventional treatment as
well as difficulties arising from the aforementioned factors
necessitate a consideration of alternative treatment options or
treatment options complementary to existing ones.
Technology is increasingly harnessed in the treatment of
psychiatric conditions [25]. One example is the use of virtual
reality (VR) to target clinical features of eating disorders such
as binge eating, cravings, and body dissatisfaction through
VR-mediated cue exposure and reference frame shifting [26].
According to a recent meta-analysis, VR-enhanced CBT has
been shown to display better efficacy than CBT alone in
reducing the frequency of binges and situation-induced body
dissatisfaction [27]. VR has also been shown to be a feasible
intervention to improve inhibitory control and thereby reduce
binge eating episodes [28]. Internet-based CBT is another
innovation that circumvents certain limitations of traditional
CBT, such as high costs, long waiting time, and perceived
stigma associated with seeking help for psychiatric disorders
[29]. However, the challenges of high dropout rates and poor
compliance remain [30].
This review is interested in the possible role of serious video
games (SVGs) in addressing disordered eating. Games are by
definition an activity in which “independent decision makers
seek to achieve their objectives in a limiting context” [31].
Serious games can be simply viewed as games with a serious
objective, often for education, vocational training, or
problem-solving [32]. Nonetheless, the line between serious
and entertainment games is sometimes blurred because certain
entertainment games are sometimes repurposed for an
educational purpose as well [33]. Serious games have been used
in various fields, ranging from education and military
applications to interpersonal communications training [32]. A
key feature of these serious games is that besides delivering
knowledge or skills to the player, they stimulate an environment
through narrative story, gameplay, or encounters that is safe
and controlled for users to be able to practice new learned skills
or behaviors [34,35]. In today’s landscape, serious games are
increasingly available on digitized platforms, ranging from
mobile apps [36] to VR devices [35].
Serious games have had some early success in treating a range
of psychiatric conditions and have been deemed to be highly
feasible and acceptable to both patients and clinicians [34].
Psychiatric conditions in which serious games have been used
to address symptoms include depression [37] and addiction
problems such as substance abuse [38] and internet addiction
[39]. It is noteworthy that these psychiatric conditions happen
to be comorbidities commonly associated with disordered eating.
One example of serious games being used in treating psychiatric
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conditions is Smart, Positive, Active, Realistic, X-Factor
Thoughts (SPARX), a participative game based on CBT that
targets depression in adolescents. The treatment outcomes of
SPARX were shown to be comparable with those of
conventional treatment despite its being a predominantly
self-guided resource [40,41]. Dropout rates for this intervention
were also low at approximately 9%, suggesting that such games
may have an advantage in engaging patients belonging to the
adolescent age group [41].
Serious games as a treatment can be highly engaging [42]. It
has been shown that being appropriately challenged has positive
effects on both engagement and learning, with the challenge of
the game being a strong predictor of learning outcomes [43].
In serious games, players can advance through individualized
game difficulty levels and be constantly challenged, allowing
for personal growth [35]. By contrast, this may be difficult to
replicate in traditional CBT. Furthermore, the potential of
serious games in improving impulse control [44] and emotion
regulation [45], which are core features in the psychopathology
of disordered eating, would be one of their key foreseeable
advantages. However, current studies examining the therapeutic
effects of serious games on persons with disordered eating are
sporadic. Hence, there is a need to systematically consolidate
and critique such available studies to understand the
effectiveness of serious games as a therapeutic medium for
disordered eating behaviors.

Objectives
This study aimed to answer the question regarding the
effectiveness of SVGs in reducing disordered eating behaviors
and addressing their underlying psychopathology. The review
will provide an overview of the possible mechanisms by which
SVGs can affect the clinical course of disordered eating, while
evaluating the effectiveness of SVGs and their potential role in
complementing current treatment options for disordered eating.

Methods
Search Strategy
The systematic review and meta-analysis were reported
according to the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines. Three
databases (PubMed, Embase, and PsycINFO) were last searched
on March 29, 2022, with no restrictions on publication dates.
The following search terms were applied in the search strategy,
with the use of relevant controlled vocabulary such as Medical
Subject Headings, Emtree, and PsycINFO Thesaurus terms:
((serious gaming) OR (game) OR (computer-assisted therapy)
OR (gamification) OR (gaming simulation) OR (video game)
OR (applied game) OR (mobile game) OR (gamified application)
OR (digital game)) AND ((eating disorder) OR (anorexia) OR
(bulimia) OR (binge eating) OR (impulsive eating) OR (body
image) OR (body dissatisfaction) OR (self-control) OR
(inhibitory control)).

Selection of Articles
The inclusion criteria were as follows: studies (1) needed to be
peer-reviewed randomized controlled trials (RCTs) or
quasi-experimental design studies; (2) involved interventions
https://www.jmir.org/2022/8/e39527
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delivered on a digital platform with gaming elements; (3)
assessed the efficacy of SVGs in terms of their therapeutic
benefit for eating disorders, disordered eating behaviors, and
underlying body image concerns or inhibitory control; (4)
involved populations prone to disordered eating; and (5) were
in English.
Studies assessing the effects of gamified food-related inhibitory
control training (ICT) were included because of evidence
suggesting that interventions targeting food-related impulsivity
have the potential to reduce binge eating frequency as well as
address food cravings [46,47]. This is because disordered eating
behaviors such as overeating have been linked to lack of
inhibitory control, which is an underlying trait seen in eating
disorders [8,48]. Studies examining the use of video games
originally designed for entertainment purposes and not for their
therapeutic effect were also included.
Studies were excluded if (1) the intervention was related to
web-based CBT, web-based counseling, or guided self-help
without elements of gamification; and (2) it involved
VR-mediated interventions. Studies with VR-mediated
interventions were excluded to isolate the effect of
non–VR-related gamification on disordered eating as much as
possible because of the extensive evidence of the efficacy of
VR-mediated interventions [26-28].
The selection of articles was conducted by 3 authors (JZAW,
TJYN, and WSWT). The selection was performed over 2 phases.
In the first phase, articles were screened depending upon their
relevance to this review based on their title and abstract.
Shortlisted articles from the first phase of screening
subsequently underwent full-text assessments for their eligibility
to be included in this review. Disagreements on the selection
process were resolved by discussion among the aforementioned
authors as well as consultation with the senior author (CSHH).

Review and Quality Assessment
The quality of each included study was independently evaluated
by 2 separate authors (TJYN and WSWT) with any
disagreements resolved through discussion. The RCTs were
assessed using the Cochrane Risk-of-Bias 2 tool, whereas the
noncontrolled experimental study was assessed using the Joanna
Briggs Institute Critical Appraisal Checklist for
Quasi-Experimental Studies [49,50].

Data Extraction and Evaluation
After finalizing the selection of studies, the following
information was extracted from the papers: (1) publication
details (eg, title, authors, and country), (2) details of the SVG
intervention (eg, type of platform, game objectives, and
gameplay), (3) details of the studied population (eg, population
type, sample size, and gender ratio), and (4) type of outcomes
measured and the respective results. The studies were then
categorized by the posited mechanisms by which the SVG
intervention affected disordered eating.
The interventions used in the included studies were collectively
assessed by adapting a framework developed by Murray et al
[51] for evaluating the potential benefits of digital health
interventions. The following factors were considered: (1) the
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accessibility of SVGs to populations with disordered eating, (2)
causal explanations for how SVGs can treat disordered eating,
(3) the key components required for SVGs to affect positive
outcomes on disordered eating, (4) how target populations
should be supported in the use of SVGs to treat or prevent
disordered eating, (5) the possible harms of SVGs and the
likelihood of their risks, (6) the costs of using SVGs incurred
by users and the health system, and (7) the overall utility of
SVGs. The evaluation of the SVGs was aided by a framework
developed by Liverpool et al [52] that highlights key
components contributing to engagement in digital mental health
interventions among young people. This involves assessing the
SVGs for intervention-specific factors, including suitability,
usability, and acceptability, as well as user-specific factors,
including motivation, opportunity, and capability [52].

Results
Search Results
Our search strategy yielded 2916 articles. Hand searching did
not uncover other relevant studies. From the 2916 articles, 765

Tang et al
(26.23%) duplicates were removed. Of the remaining 2151
articles, we excluded 2108 (98%) after title and abstract
screening because they did not include serious gaming as an
intervention, or they focused on a disease unrelated to eating
disorders. After full-text screening of the 43 remaining articles,
32 (74%) were excluded. Reasons for the exclusion of articles
after full-text screening include not reporting outcomes related
to eating disorders, assessing SVGs that were not run on digital
platforms, and interventions not having gamified elements.
Thus, of the initial 2916 articles identified, 11 (0.38%) were
included in the systematic review. The PRISMA flowchart is
presented in Figure 1. The main outcomes of the included
articles are summarized in Table 1, whereas the details of the
SVG intervention of each study are summarized in Table 2. The
characteristics of the included studies are presented in
Multimedia Appendix 1 [53-63], and the assessments of the
risk of bias are presented in Multimedia Appendix 2 [54-63]
and Multimedia Appendix 3 [53]. Of the 11 included studies,
10 (91%) were deemed to be at a low overall risk of bias, with
the exception of 1 (9%) study, regarding which concerns were
raised over the suitability of the outcome measures.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram showing the selection of the studies.
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Table 1. Characteristics and outcomes of the included studies.
Serious video game category
and title

Study, year

Outcome measures (physical, Main outcomes
behavioral, and psychological)

Serious video games for emotion regulation skills
The Use of Videogames as Fernandez-Aranda et al [53],
Complementary Therapeu- 2015
tic Tool for Cognitive Behavioral Therapy in Bulimia Nervosa Patients

•

Frequency of bingeing
and purging
Dropout rates
Eating disorder psychopathology
Anxiety and anger
Remission rate (partial
or complete)

•

•

Eating disorder psychopathology

•

•
•

Depressive symptoms
Body dissatisfaction

•
•
•
•

•

Intervention group achieved nonstatistically
significant higher rates of total remission than
the control group (50% vs 28%, respectively;
P=.22)
Intervention group had lower treatment attrition
rates than the control group (20% vs 44%, respectively; Cohen d=0.54) and displayed improvements in emotion regulation, whereas the
control group showed persisting emotion dysregulation

Serious video games for body image concerns
An App-Based Blended
Intervention to Reduce
Body Dissatisfaction: A
Randomized Controlled
Pilot Study

Kollei et al [54], 2017

•

A Brief Mobile Evaluative Kosinski [55], 2019
Conditioning App to Reduce Body Dissatisfaction?
A Pilot Study in University
Women

•

Depressive symptoms

•

Eating disorder psychopathology
Self-esteem
Body dissatisfaction and
drive for thinness

•
•

•

•

An Interactive Training
Gledhill et al [56], 2017
Programme to Treat Body
Image Disturbance

•

Eating disorder psychopathology

•
•

Self-esteem
Body size perception and
body image concerns

XSL• FO
RenderX

No significant reduction of body dissatisfaction
between the evaluative conditioning and control
conditions was noted, but body dissatisfaction
fell across conditions with a small effect size
(r=0.27; P<.005). Similar patterns presented for
the drive for thinness (r=0.67; P<.001) and selfesteem (r=0.29; P<.05)
No statistically significant effects were observed
for bulimia and restraint scores

•

Study 1

•

The intervention succeeded in shifting the thinfat categorical boundary for individuals with
body size concerns, as well as improved eating
restraint (day 14 difference z score=0.92, 95%
CI 0.33 to 1.51; P=.003), body weight (day 14
difference z score=1.15, 95% CI 0.58 to 1.72;
P<.001), and body shape concerns (day 14 difference z score=1.04, 95% CI 0.45 to 1.64;
P=.001)

•

Study 2

•

The intervention succeeded in shifting the thinfat categorical boundary significantly in participants with anorexia nervosa. Eating disorder
symptoms also improved for at least a month
(Eating Disorder Examination Questionnaire
score day 1 vs day 30 difference z score=0.74,
95% CI 0.20 to 1.28; P=.008)
The degree of body size category boundary shift
was significantly correlated with changes in the
eating disorder symptoms

•
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Intervention group showed significantly greater
reduction in body dissatisfaction (Cohen
d=–0.62; P=.001) and a medium-sized effect in
reduction of eating disorder symptoms (Cohen
d=–0.46; P=.007) which persisted at 1-month
follow-up
No significant effect on depressive symptoms
was noted
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Serious video game category
and title

Study, year

When You Exercise Your Joo and Kim [57], 2017
Avatar in a Virtual Game:
The Role of Avatars’ Body
Shape and Behavior in
Users’ Health Behavior

Tang et al
Outcome measures (physical, Main outcomes
behavioral, and psychological)
•

Exercise and eating behavior

•
•

No significant effects of the avatars’ lifestyle
on the participants’ exercising or eating behaviors were observed
There was a significant positive effect of the
normal-weight body shape of the avatars on the
participants’ exercising behaviors (P=.02). No
difference was noted for players who used the
obese avatars

Serious video games for neurocognitive training to influence eating behaviors
App-Based Food-Specific Keeler et al [58], 2022
Inhibitory Control Training as an Adjunct to Treatment as Usual in BingeType Eating Disorders: A
Feasibility Trial

•
•
•
•
•

Food valuation on
•
palatability of high- and
low-energy–dense foods
Eating disorder psychopathology
Depressive symptoms
Anxiety
Impulsivity
•

a

Gamified Working Memo- Dassen et al [59], 2018
ry Training in Overweight
Individuals Reduces Food
Intake but Not Body
Weight

•
•

Gender Differences in the
Effect of Gamification on
Weight Loss During a
Daily, Neurocognitive
Training Program

•
•

Intervention did not reduce binge eating frequency but showed greater reduction in eating disorder psychopathology (SESa=–0.57, 95% CI
–1.12 to –0.03) and valuation of high-energy–dense foods than usual treatment
(SES=–0.61, 95% CI –0.99 to –0.24). These
effects were lost and reduced, respectively, at
8-week follow-up
At 8 weeks, the intervention group showed
greater reduction in food addiction symptoms
and lack of perseverance with a small effect size
(SES=–0.23, 95% CI –0.81 to 0.34)

BMI
•
Food intake and healthy
eating
•
Self-control
Dropout rate
Executive function
•
Eating disorder psychopathology

WMb training did not result in significant additional weight loss
WM training resulted in a significant reduction
in caloric intake after training, especially at high
levels of craving
Both groups showed improvements in self-reported emotional eating and self-control

•

Weight
•
Enjoyment of game and
compliance to treatment •
Inhibitory control

Gamification had a significantly stronger effect
on weight loss for men than for women
No significant differences were observed between genders for the effect of gamification on
enjoyment, compliance, and impulse control

A Serious Game to InBlackburne et al [61], 2016
crease Healthy Food Consumption in Overweight or
Obese Adults: Randomized Controlled Trial

•
•
•

Eating behavior
•
Cognitive restraint
Go–No-Go performance

Inhibitory control improved with the intervention, which was associated with increased consumption of healthy foods and reduced consumption of unhealthy foods. Cognitive restraint also
improved

Computerized Neurocogni- Forman et al [62], 2019
tive Training for Improving Dietary Health and Facilitating Weight Loss

•
•

Weight
Frequency of food consumption
Implicit preference for
sweets

•
•

ICTc—both gamified and nongamified—were
deemed acceptable and feasible
Only participants with higher baseline implicit
preference for sweets experienced weight loss
benefits from ICT. However, gamification
marginally reduced the impact of ICT

Executive Function Train- Verbeken et al [63], 2013
ing With Game Elements
for Obese Children: A
Novel Treatment to Enhance Self-regulatory
Abilities for Weight-Control

•
•

BMI
•
Treatment feasibility and
acceptability
Executive function
Visuospatial WM
Stop-signal task perfor- •
mance

The intervention showed significant effects in
WM and meta-cognition and displayed significant improvements in weight loss maintenance
at 8 weeks, although the effect was lost at 12
weeks
No significant effects were observed for inhibition and the stop-signal task

Forman et al [60], 2021

•
•
•
•

•

•
•
•

SES: standardized between-group effect sizes.

b

WM: working memory.

c

ICT: inhibitory control training.

https://www.jmir.org/2022/8/e39527

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e39527 | p.714
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Tang et al

Table 2. Characteristics of the serious video gaming interventions.
Game category and study

Game title

Serious game genre

Platform

Objectives

Gameplay

PC

To increase emotion–self-control
skills and self-control over users’ general urgency to act

•

Serious video games for emotion regulation skills
Fernandez-Aranda et
al [53], 2015

PlayMancer: Islands

Goal oriented and
problem-solving

•

Players are immersed in the setting of an island and are required
to overcome challenges by
achieving therapeutic targets
Biosensors and a camera that
continuously tracks the emotional state of the player are used to
monitor physiological changes
in response to the players’ emotional state

Serious video games for body image concerns
Kollei et al [54], 2017

Mindtastic Body
Cognition and brain
Dissatisfaction app training

Mobile app

Approach-avoidance •
training to foster approach of functional
stimuli and avoidance dysfunctional
stimuli

Players are shown (1) pictorial
stimuli of their own bodies as
well as that of their ideal bodies
and (2) positive and negative
body-related statements. They
are required to pull the positive
statements and pictures of themselves toward themselves and
swipe away the negative statements and idealized pictures

Kosinski [55], 2019

Executive conditioning app

Mobile app

Evaluative condition- •
ing

The player’s photographs are
taken to act as conditioned stimuli. Positive photographs that
elicit a positive affective response and do not correspond to
feminine ideals were used as
unconditioned stimuli. Players
are shown 3 conditioned stimuli
and unconditioned stimuli pairings at the start and are required
during the game to pick out their
conditioned stimuli and unconditioned stimuli pair as quickly as
possible

Gledhill et al [56], 2017

Perceptual training Cognition and brain
with two-alterna- training
tive forced-choice
decisions

PC

Evaluative condition- •
ing

Participants are presented with
a series of computer-generated
imagery images of women’s
bodies and trained to judge the
respective body size. Feedback
was given to the participants on
whether their responses were
accurate. “Inflationary” feedback was given with the intent
to shift their categorical boundary of a “fat” body shape by 2
body shape variations higher

Joo and Kim [57], 2017

The Sims 4

PC

To increase emotion– self‐control
skills and reduce
general impulsive
behaviors

•

A web-based life simulation
game, The Sims 4, was used
Players were assigned to either
a normal weight or obese avatar.
Players were then instructed to
operate their avatars in a healthy
(exercise and fresh foods) or
unhealthy lifestyle setting
(sedentary lifestyle and unhealthy foods)

Cognition and brain
training

Goal oriented and
problem-solving

•

Serious video games for neurocognitive training to influence eating behaviors
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a

Game category and study

Game title

Keeler et al [58], 2022

Serious game genre

Tang et al
Platform

Objectives

Gameplay

FoodT, an inhibito- Cognition and brain
ry control training training
app

Mobile app

To increase inhibito- •
ry control

Dassen et al [59], 2018

WMa training

Cognition and brain
training

Tablet computer or PC

Psychoeducation
and WM training

Forman et al [60], 2021

Go–No-Go training

Cognition and brain
training

PC

To increase inhibito- •
ry control

Players are presented with pictorial stimuli consisting of healthy
and unhealthy foods, accompanied by “Go,” and “No Go”
cues, respectively. Participants
are required to tap on the “Go”
items and avoid tapping on the
“No Go” items

Blackburne et al [61], 2016 “NoGo,” a Go–No- Cognition and brain
Go inhibitory con- training
trol training app

Mobile app

To increase inhibito- •
ry control

Players are shown stimuli of
healthy and unhealthy foods.
Each game consists of (1)
Go–No-Go trials where the reaction timer starts counting down
next to the image after it is
shown and (2) stop trials where
the timer counts down while the
images change between categories

Forman et al [62], 2019

Go–No-Go training

Cognition and brain
training

PC

To increase inhibito- •
ry control

The gamified inhibitory control
training involved the task of
moving in a grocery store as
quickly as possible while choosing the correct foods. This required players to respond to frequently presented stimuli
(healthy foods such as fruit and
vegetables) and inhibit their responses to nonfrequent stimuli
(high-sugar food)

Verbeken et al [63], 2013

“Braingame Brian,” an executive
function training
game

Cognition and brain
training

PC

To increase executive function (inhibitory control and
WM)

•

The game is set in a game world
with a storyline where the character, Brian, is required to complete tasks involving (1) WM
training where the player has to
reproduce correctly a random
sequence of rectangles lighting
up and (2) inhibitory control
training in the setting of a factory, including both go trials and
stop trials

•

Players are presented with pictorial stimuli consisting of highenergy foods, low-energy foods,
and filler items, accompanied by
“Go,” or “No Go” cues. Participants are required to tap on the
“Go” items and avoid tapping
on the “No Go” items
Each session comprises 3 WM
tasks in the setting of a restaurant involving visuospatial
memory, backward digit span,
and object memory

WM: working memory.

Physical Outcomes
Of the 11 studies, 4 (36%) measured the effects of the gamified
interventions on physical outcomes such as weight or BMI. All
interventions were used in the context of treating overeating in
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individuals who were overweight [59,60,62,63]. Among the 4
studies, only 2 (50%)—the gamified ICT in the study by Forman
et al [60] and the executive function (EF) training in the study
by Verbeken et al [63]—reported statistically significant
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reduction in BMI after the serious game intervention. This effect,
achieved in the study through an intervention centered on ICT
was noted to be more significant in men than in women [60].
However, in another study by Forman et al [62], it was reported
that gamification slightly reduced weight loss benefits compared
with normal ICT [62].
Of note, the other studies in which a healthy increase in BMI
would have been an ideal outcome in the context of undereating
did not measure weight or BMI as a study outcome likely
because of the short duration of their interventions.

Behavioral Outcomes
In terms of behavioral outcomes, the studies reported a variety
of outcomes such as frequency of binges and purges; food
intake; enjoyment in using, and compliance to, the intervention;
dropout rates; nonverbal communication; and drive for exercise.
However, the reporting on the type of behavioral outcomes
among the studies was not consistent.
Varying outcomes have been obtained in terms of eating habits
and attitudes toward food. CBT coupled with a role-playing
problem-solving SVG achieved neither a statistically significant
increase in the reduction of bingeing or purging episodes nor
an increase in the rates of total or partial clinical remission of
BN [53]. In addition, an avatar-based SVG based on social
cognitive theory was unable to influence the short-term eating
behaviors of participants [57].
However, the study by Dassen et al [59] showed that gamified
working memory (WM) training helped in reducing caloric
intake, especially at high levels of craving [59]. In a different
vein, the study by Blackburne et al [61] showed that a gamified
ICT app improved inhibitory control that was associated with
increased consumption of healthy foods and reduced
consumption of unhealthy foods. Similarly, an app-based
food-specific ICT in the study by Keeler et al [58] showed
small-sized effects on a greater reduction in food addiction and
medium-sized effects in participants’ valuation on the
palatability of high-energy–dense food. However, the latter
effect was diminished at later follow-up. The intervention also
did not show greater reduction in binge eating frequency than
usual treatment [58].
Dropout or attrition rates were measured in 27% (3/11) of the
studies. The study by Fernandez-Aranda et al [53] showed that
conventional CBT coupled with an SVG (PlayMancer:Islands)
resulted in lower treatment attrition rates than CBT alone (20%
vs 44%, respectively) [53]. In a different setting, the gamified
WM training in the study by Dassen et al [59] demonstrated a
participant dropout rate of 23% (21/91) across the interventional
training and sham training groups using the same game.
Gamified ICT in the study conducted by Forman et al [62]
demonstrated an attrition rate of 14.8%, which did not differ
significantly from the attrition rate in the nongamified ICT
group.

Psychological Outcomes
Overview
Across the studies included in the review, a variety of
instruments were used to assess the features of eating disorders
https://www.jmir.org/2022/8/e39527
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and their psychiatric comorbidities. Commonly applied
questionnaires in the field of eating disorders, namely the Eating
Disorder Inventory-2, Symptom Checklist–Revised, State-Trait
Anxiety Index, and State-Trait Anger Expression Inventory-2,
were used. In some (2/11, 18%) of the studies, throughout the
duration of the treatment, patients kept a daily food and purging
diary. Assessments were made before and after group therapy.
The frequency of binges and purges was reported in the study
by Fernandez-Aranda et al [53]; however, no statistically
significant differences were found between the 2 clinical groups.

Eating Disorder Psychopathology
Of the 11 studies, 6 (55%) reported on participant scores on the
eating disorder questionnaires [53-56,58,59]. Of these 6 studies,
4 (67%) displayed statistically significant improvements in
eating disorder symptoms [54,56,58,59], although these effects
were not always maintained at follow-up after a longer period
[54,58].

Body Dissatisfaction and Body Size Perception
As it is an important psychopathological factor driving
disordered eating, body dissatisfaction was reported on by 18%
(2/11) of the studies, involving 113 participants in total. Both
studies involved university students: Kollei et al [54] focused
on students with significant body dissatisfaction, whereas
Kosinski [55] focused on female students. Both interventions
were based on approach-avoidance training aimed at fostering
the avoidance of dysfunction stimuli and approach of functional
stimuli. This was done by pairing participants’ photographs
with positively conditioned stimuli. In both studies, participants
in the intervention group reported significant reductions in body
dissatisfaction, although the study by Kosinski [55] did not
display a significant difference compared with the control group
where neutral stimuli were used.
Although the study by Gledhill et al [56] did not measure body
dissatisfaction directly as an outcome, it showed that a gamified
perceptual training paradigm with inflationary feedback was
successful in modifying perceptions on body size (measured by
their thin-fat categorical boundary) in both individuals with
body size concerns and patients with AN.

Gender Differences in Outcomes
Forman et al [60] assessed the associations between gender
differences (between men and women) and the effectiveness of
a gamified neurocognitive intervention program on weight loss
and inhibitory control. Although gamification significantly
enhanced weight loss in men more than in women, the
association between overall effectiveness on inhibitory control
and gender differences was unclear. The study also assessed
participant enjoyment of the daily neurocognitive training
program. Although there was no significant difference due to
gender in the effect of enjoyment, women generally reported,
with a small effect, higher enjoyment scores. By contrast,
gamification did not seem to enhance men’s enjoyment of the
intervention. The study also examined compliance to the
treatment regimen with gamification. Although statistically
nonsignificant, compliance to treatment regimen as a result of
gamification improved in men but decreased in women [60].
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Discussion
Principal Findings
The results of the review show an overview of the possible ways
that SVGs or gamification of CBT interventions can effect
change in the symptoms of disordered eating or its underlying
psychopathology. These effects can be classified into physical,
behavioral, and psychological outcomes. Among the papers that
reported physical outcomes of BMI or weight change, it was
found that the SVGs and gamified interventions potentially had
some effect in improving weight. However, it may not be clear
whether this effect can be truly attributed to the inclusion of
gamification elements or whether it would still be retained in
the nongamified intervention of the same type [62]. The duration
of the interventions was also likely to be too short to identify
the long-term effects of these SVGs on the participants’ weight.
Behaviorally speaking, there were mixed results on the effect
of the SVGs on desired changes in eating behavior. However,
it is noted that gamified versions of neurocognitive training
such as WM or ICT seemed to report more positive behavioral
changes than the role-playing or avatar-based games.
Psychologically speaking, it was observed that SVGs of different
types such as those targeting body dissatisfaction, inhibitory
control, or WM were all able to produce improvements in eating
disorder symptoms or psychopathology [54,56,58,59]. This
informs developers of future SVGs for disordered eating on
potential game mechanisms and types.

Key Components of SVGs and Their Mechanisms in
Treating Disordered Eating Behaviors
The studies (n=11) included in this review comprised 11
different SVGs. As seen in Table 2, the characteristics of the
SVGs examined in this review were varied and addressed
different aspects of disordered eating with different mechanisms.
Of the 11 SVGs, 2 (18%) were gamified adaptations of
approach-avoidance and evaluative conditioning training based
on the cognitive behavioral model of body satisfaction, aimed
to foster approach of functional stimuli and avoidance of
dysfunctional stimuli in body dissatisfaction [54,55]. In a similar
vein, the SVG in the study by Gledhill et al [56] was also based
on cognitive training and worked by calibrating participants’
perception of categorical definitions of body shape. Of the 11
SVGs, 4 (36%) aimed to improve inhibitory control regarding
unhealthy foods through ICT with Go–No-Go (GNG) food
stimuli [58,60-62], whereas in the study by Fernandez-Aranda
et al [53], the SVG was an immersive role-playing game that
required players to solve problems by using emotion regulation
skills and achieving impulse control. Interestingly, Dassen et
al [59] and Verbeken et al [63] recognized the role of WM and
EF, respectively, in behavioral self-regulation and sought to
assess the effect of gamified WM and EF training on food intake
[59,63,64]. Finally, it is noted from the paper by Joo and Kim
[57] that commercially available simulation games, such as
TheSims 4, may potentially be helpful in influencing real-life
health behaviors of users through their avatars’ body shape and
health behaviors.
The paper by Fernandez-Aranda et al [53] was the only one that
examined the effects of an SVG and CBT on eating disorders,
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specifically BN. The study examined the role the SVG was able
to play in addressing the limitations of CBT in treating the
underlying traits of eating disorders (namely emotion regulation
and impulsivity) while harnessing its gamified elements to
ensure
compliance
and
increased
accessibility.
PlayMancer:Islands is an SVG specifically designed for this
purpose. The gameplay is unique in that the facial expressions
and physiological markers such as heart rate and respiratory
rate were monitored as responses to the players’ emotional
states. Undesirable emotional states would then correspond to
increased difficulty in completing tasks. Through the game,
participants are required to learn and demonstrate
emotion–self-control skills. Although the intervention had
limited effect on clinical remission of BN, it was successful in
addressing eating disorder psychopathology and in reducing
treatment dropout rates. This is corroborated by case studies
and case series, which, although not included in this review,
showed positive effects of PlayMancer: Islands on the
intervention group participants’ impulse control, emotion
regulation, anxiety, and novelty seeking, as well as various
physiological measures, including a functional magnetic
resonance imaging scan comparing engagement of brain areas,
compared with those of healthy controls [65-67]. The case study
by Giner-Bartolomé et al [66] even reported changes in eating
behavior, such as the number of bingeing episodes. Although
SVGs such as PlayMancer: Islands cannot be considered an
alternative to replace conventional therapy, it is likely that they
can be used effectively to supplement the limitations of CBT
in addressing emotion regulation and personality traits
underlying eating disorders [24]. Nonetheless, stronger evidence
for this intervention may be required in studies with a larger
sample size and longer duration of follow-up. It will also be
worth assessing the effect of PlayMancer: Islands on eating
disorders other than BN with common psychopathological
features, such as AN or BED. The feasibility and accessibility
of the SVG intervention would also be a future practical
consideration, given the use of biosensors and facial recognition
technology.
It is interesting to note that the majority (10/11, 91%) of the
other SVGs reviewed differ from PlayMancer: Islands in that
these other games seek to provide cognitive response training
to modify and address the underlying perceptions that drive
disordered eating as opposed to the goal-oriented and
problem-solving nature of gameplay used in PlayMancer:
Islands. Of note, body dissatisfaction, ICT, and WM were the
main concepts targeted by the SVGs studied.
The studies by Kollei et al [54] and Kosinski [55] both showed
significant effects of SVGs in improving symptoms of body
dissatisfaction. The Mindtastic Body Dissatisfaction app in the
study by Kollei et al [54] used approach-avoidance training
where participants are conditioned to perform approach actions
(swiping toward themselves) and avoidance actions (swiping
away) in response to specific stimuli such as positive and
negative body-related statements, respectively. This approach
has previously been shown to modify biases toward food and
alcohol and in reducing their consumption [68-70]. By contrast,
the mobile app intervention in the study by Kosinski [55] used
evaluative conditioning, a form of Pavlovian conditioning,
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where a change in behavior or response is induced when
conditioned stimuli (participants’ own photographs) are paired
to unconditioned stimuli (positive body image photographs).
The evaluative conditioning approach is supported by the work
of Aspen et al [71], whose study showed that pairing
participants’ bodies with positive social stimuli and pairing
other bodies with neutral stimuli resulted in improvements in
body shape concerns and self-esteem, as well as reduced food
restriction. Kollei et al [54] and Kosinski [55] collectively show
the potential of gamified mobile app interventions in providing
remote cognitive training to modulate adaptive body image
attitudes, which can be seen to be highly feasible and accessible.
As both studies examined the effects of the interventions on
university students, it would be useful to understand the
generalizability of these effects on other demographics, as well
as persons formally diagnosed with eating disorders. Given the
use of these mobile app interventions in university students not
diagnosed with eating disorders, it may also be interesting to
assess the potential role of SVGs in preventing eating disorders
in populations considered to be at high risk who have not yet
been formally diagnosed. Studies with a longer follow-up
duration may be helpful to inform whether such games can
reduce the incidence of eating disorder diagnoses.
Commonly compared with approach-avoidance training, GNG
training is another form of motor response training aimed at
changing behaviors. GNG training was the modality that was
gamified in the FoodT app in the study by Keeler et al [58]; this
app, when used by patients with BN and BED, showed a
reduction in eating disorder pathology and diminished the
perceived palatability of high-energy–dense foods. GNG training
was also used in the intervention in the studies by Forman et al
[60,62] and Blackburne et al [61]. Although used in different
populations, the effect size on eating disorder pathology of the
FoodT app was similar to that of the Mindtastic Body
Dissatisfaction app in the study by Kollei et al [54]. Although
the meta-analyses conducted suggested that GNG training may
be more effective than approach-avoidance training in
influencing food behaviors [72,73], it is difficult to compare
the usefulness of both SVGs because they address different
psychopathological drivers of disordered eating (poor inhibitory
control and body dissatisfaction). The FoodT app also lends
support to the feasibility of cognitive training for disordered
eating through gamified mobile apps, and it may be interesting
to see whether a combination of features from these cognitive
training apps can lead to better outcomes.

Accessibility and Feasibility of Using SVGs
In addition to the benefits SVGs may have in the treatment of
disordered eating, they may have other advantages. Compared
with conventional treatment, SVGs are likely to be more
accessible to patients with disordered eating. First, there is a
high degree of correspondence between the demographics of
video game players and patients with disordered eating; 38%
of the video game players in the United States fell within the
age range of 18 to 34 years, whereas 20% were aged <18 years
[74]. It is hence likely that SVGs will appeal more to patients
with disordered eating. Furthermore, with more SVGs using
mobile apps as a platform coupled with increasing smart device
ownership, SVGs have the potential to reach more persons with
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disordered eating. Finally, SVGs have relatively low barriers
to use and also offer users the option of being by themselves,
which may help circumvent issues of trust with the therapist or
personality-related comorbidities such as avoidance in patients
with disordered eating [18,75]. Hence, these factors may address
certain challenges in the treatment of disordered eating such as
low treatment uptake rates or high dropout rates.

Further Tailoring of SVGs and Supporting Their Use
The study by Forman et al [60] compares gender differences in
the effect of gamification on weight loss. Eating disorders tend
to affect women more than men; however, disordered eating
can affect men as well. In general, most studies have samples
that consist predominantly of women. The study provides a
different perspective on gender differences in the effect of
SVGs. Most video game users tend to be men [76], and men
are reported to be more motivated by gaming elements than
women, which is supported by Hassouneh and Brengman [77],
whose study indicates that the effects of SVGs on women and
men can differ. The study also found that compliance to SVG
interventions tends to be higher in men than in women. In
addition, it was reported that the gamification elements had
more positive outcomes for men. This may inform future
recommendations on the potential use of SVGs for the treatment
of disordered eating based on gender, as well as expectations
regarding their subsequent clinical effectiveness. However, the
SVG assessed by Forman et al [60] used a gamified GNG
training modality; hence, it is not clear whether the trend noted
in this study would apply to other SVG genres. As discussed
by Forman et al [60], it is plausible that the inclusion of other
gaming elements such as more elaborate backstories, incentives,
and components that require collaboration with other participants
in these SVGs may contribute to their appeal to women [78-81].
Such features may serve to enhance user motivation as well as
foster a sense of connection with peers facing similar struggles
with disordered eating. This may further promote user
engagement with the SVGs.
Although not explicitly addressed by the included studies, it is
important to consider the concerns over privacy and
confidentiality that users may have regarding such SVGs,
especially in the context of treating disordered eating behaviors.
A review by Borghouts et al [82] showed that concerns over
the safety and privacy of disclosed information can act as a
barrier to engagement in such digital mental health interventions
[82]. On the flipside, assurance of anonymity in the use of the
digital intervention encouraged engagement [52,82]. Hence, in
the design and implementation of such SVGs, it would be
necessary to make sure that appropriate safeguards are in place
to protect sensitive user data. It has also been suggested that the
use of trusted brand names and transparency as well as evidence
of credibility would serve to increase engagement of young
users with digital mental health interventions [52].

Possible Risks and Adverse Outcomes
Despite the many benefits an incorporation of SVGs may confer
to the treatment of disordered eating, it is important to note
potential pitfalls where SVGs may complicate treatment. One
such instance would be the situation where the inclusion of
serious gamification elements such as player scores may
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inadvertently cause additional stress or cognitive load because
of the participant’s drive to do well in the game and distract
participants from the therapeutic intentions of the game [83,84].
This could also potentially cause further insult to the self-esteem
of the participant or further diminish confidence and motivation
in complying with treatment. This is supported by the study by
Mekler et al [85], which suggests that gamification elements
such as scores and leader boards may function more as an
extrinsic source of motivation that increases performance
quantity but do not have a significant relationship with
competence or intrinsic motivation; for example, players may
attempt the game multiple times for the simple object of passing
a particular level while not necessarily improving in
competency. This may be apparent in the study by Forman et
al [62] where gamified ICT actually reduced the weight loss
benefits derived from conventional ICT. This was posited by
the authors to possibly be due to distraction from the core stimuli
by gaming elements such as visuals, music, and sound effects,
which may have reduced prepotent reward response, hence
affecting inhibitory response.
Nonetheless, among the other SVGs assessed in this review,
scoring systems and leader boards are not key elements and
may not necessarily cause the aforementioned effect.
Furthermore, games such as PlayMancer: Islands, which uses
biosensors to track physiological and facial expression responses
to emotional states, will be able to pick up states of distress in
participants as well as obtain an objective measure of progress
[53]. Hence, as more research is being conducted to assess the
effects of gamification elements on motivation, careful design
and implementation of gamification will be crucial.
Given the relatively short duration of the implementation of the
SVGs studied in this review, it may be a concern that the effects
of gamification such as the participants’ enjoyability,
compliance, and improvements in psychopathology may be due
in part to the novelty of the gamification experience [86,87].
This implies that the usefulness or effectiveness of an SVG can
be lost over time as the novelty effect of gamification wears
off. This may not be a significant problem if the gamified
intervention is meant to be used only in the short term, but it
will have to be taken into account if the serious game is expected
to be part of a patient’s long-term treatment. As discussed by
Hamari and Kovisto [88], the addition of social networking and
community elements to the gamification process may be helpful
in enhancing effectiveness as well as the participants’
willingness to use the service. These effects are positively
related to positive recognition and reciprocity. Hence, it is
plausible that implementation of SVGs in the setting of support
groups for disordered eating could enhance and prolong their
benefits, while promoting a sense of connectedness.
There may also be concerns over SVGs fueling other problems
such as gaming addiction. This is because impulsivity traits
such as urgency and lack of perseverance are both associated
with eating disorders such as binge eating as well as with
problems of addiction [89]. At the same time, problematic
internet use has been shown to act as a predictor of eating
disorders in a meta-analysis [90]. However, none of the SVGs
(n=11) assessed in the review have reported addiction as an
adverse effect. This is likely to be due to the short duration of
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the intervention, making addiction unlikely. However, this may
have to be taken into consideration if the SVGs are implemented
for a longer duration, and countermeasures such as additional
supervision or imposing appropriate limits on the use of the
games may be warranted.

Overall Utility and User Engagement
Taking the aforementioned considerations into account, although
most of the outcomes measured in the individual papers were
different, they collectively provide evidence to suggest the
various roles SVGs can play in plugging potential gaps left by
conventional therapy. Fitting the aforementioned factors into
the framework developed by Liverpool et al [52] to evaluate
user engagement, SVGs fare well in intervention-specific factors
such as suitability, usability, and acceptability. In terms of
person-specific influencing factors, young users likely have
ample capability to engage in the use of SVGs. Furthermore,
the novelty of SVGs also contributes to good user motivation,
although its sustainability requires further examination.
Opportunities for the adoption of SVGs may also be limited by
confidentiality concerns as well as a lack of a sense of
connectedness with others.

Strengths and Limitations
The strength of this study is that it provides a broad overview
of the various ways in which gamification may be imbued in
different types of interventions to address different
psychopathological and clinical aspects of disordered eating;
for instance, SVGs that address body dissatisfaction, which may
be more prevalent in AN, and those that target inhibitory control,
which may be associated more strongly with overeating, BED,
or BN [7,48]. Furthermore, this study provides insight into the
effectiveness of SVGs not only in eating disorders but also in
disordered eating, which encompasses pathological eating
behaviors beyond the strict diagnoses of eating disorders.
The limitations of this study are that only a small number of
studies were included for analysis, providing limited amount
of data and evidence for the assessment of the effectiveness of
SVGs in disordered eating. Furthermore, the outcomes of the
studies were varied, making it difficult to compare effect sizes
among them. In addition, given the small sample sizes in the
studies, there is a higher risk of bias and potential lack of
representativeness. It was also observed that not all the included
studies addressed populations who had received formal
diagnoses of disordered eating but instead included participants
from the general population or those who had other
characteristics such as obesity, which may not be accurate
proxies for disordered eating. Hence, it may be difficult to
extrapolate the effects of the studied interventions to apply in
populations with formal diagnoses of disordered eating
behaviors. However, the studies in the review do show the
promise that SVGs hold for effecting change in eating behaviors.
Hence, it may be helpful for more studies to validate this effect
on populations with disordered eating. It is also noted that the
SVGs reviewed in this paper targeted a predominantly young
population such as university students, with a large proportion
of participants being women. As such, more evidence may be
required to advance knowledge on the effectiveness of SVGs
in disordered eating in other age groups as well as in men, given
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the knowledge that eating disorders in men also face significant
underdiagnosis and undertreatment [15].

Further Studies and Recommendations
We have identified some gaps in current research that could be
addressed in subsequent studies. First, more RCTs need to be
conducted to expand the evidence pool. The World Health
Organization’s global strategy on digital health includes the
recommendation that research is important in ensuring safety
and accountability in the implementation of digital health
interventions [91]. Hence, it is important to solidify our
understanding of the efficacy of SVGs as a treatment
intervention for disordered eating. Pending studies, such as the
one pertaining to the Self-help, Integrated, and Gamified
Mobile-Phone Application intervention for patients who were
overweight with maladaptive eating behaviors, will add to our
current understanding of gamified mobile apps for disordered
eating [92]. Studies investigating the effectiveness of SVGs for
disordered eating in different socioeconomic backgrounds, levels
of computer literacy, genders, and ages may also be helpful.
As mentioned earlier, the longest study in this review was held
only over 8 weeks. Hence, the long-term impact of the
interventions and the retention of its beneficial effects might
not be well understood and can be explored further. Learning
about the long-term impact of SVGs in the context of disordered
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eating may then also provide clues to their potential role not
only in treatment but also in prevention of disordered eating in
persons with high-risk factors.
Some of the SVGs discussed were computer applications.
However, in recent years, computer sales have been declining,
and other devices such as smartphones are increasingly being
used [93]. As such, it will be prudent for future studies to study
games supported on such platforms, which promise greater
accessibility.

Conclusions
In conclusion, this review supports the effectiveness of SVGs
in complementing the current standards of care in treating
disordered eating. Although more research is needed to gain a
better understanding of the long-term effects of SVGs on
disordered eating and their effectiveness across different
demographic groups, SVGs have shown that they are able to
provide measurable short-term benefits by addressing the
underlying psychopathological processes that drive behaviors
of disordered eating. Nonetheless, challenges exist in developing
effective SVGs for disordered eating such that while having to
keep the games appropriately challenging and engaging, caution
has to be taken in the game design to prevent potential adverse
outcomes.
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Abstract
Background: Opioid addiction is currently one of the most pressing public health issues. Despite several treatment options for
opioid addiction, the recurrence of use episodes during remission remains high. Research indicates that meaningful membership
in various social groups underpins the successful transition from addiction to long-term remission. However, much of the current
literature focuses on online peer-support groups for individuals in remission from substance use, sometimes also called recovery
groups, a term we will use in line with the terminology used by the online community we studied. In contrast, online group
memberships that promote substance use and groups that are unrelated to substance use and remission (non–drug-related groups)
are rarely studied.
Objective: This study aims to understand whether engagement with a variety of Reddit subforums (subreddits) provides those
in remission from opioid use disorder (OUD) with social capital, thereby reducing their risk of a use episode over several years.
More specifically, it aims to examine the different effects of engagement with substance use, recovery, and non–drug-related
subreddits.
Methods: A data set of 457 individuals in remission from OUD who posted their remission start date on Reddit was collected,
of whom 219 (47.9%) indicated at least one use episode during the remission period. Using a Cox proportional hazards model,
the effects of the number of non–drug-related, recovery, and substance use subreddits an individual had engaged with on the risk
of a use episode were tested. Group engagement was assessed both in terms of the absolute number of subreddits and as a proportion
of the total number of subreddits in which an individual had posted.
Results: Engagement with a larger number of non–drug-related online communities reduced the likelihood of a use episode
irrespective of the number of posts and comments made in these forums. This was true for both the absolute number of
non–drug-related communities (P<.001) and the proportion of communities with which a person engaged (P<.001). The findings
were less conclusive for recovery support and substance use groups; although participating in more recovery support subreddits
reduced the risk of a use episode (P<.001), being part of a higher proportion of recovery support groups relative to other subreddits
increased the risk (P=.01). A higher proportion of substance use subreddits marginally increased the risk of a use episode (P=.06);
however, the absolute number of substance use subreddits significantly reduced the risk of a use episode (P=.002).
Conclusions: Our work indicates that even minimal regular engagement with several non–drug-related online forums may
provide those in remission from OUD with an opportunity to grow their social capital and reduce the risk of a use episode over
several years.
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Introduction
Background
In recent years, research on remission from addiction has shown
the importance of social groups [1,2] and recovery capital [3]
more widely. This trend builds on recent findings in the health
and well-being literature, which suggest that the joining of new
groups can act as a social cure [4]. The social cure hypothesis
states that a higher number of memberships in social groups is
associated with better mental and physical health outcomes,
better resilience, and higher well-being. With regard to substance
use disorders, much of the literature focuses on the benefits of
peer-support groups for remission. Overall, this literature
suggests that highly structured, peer-led support groups, both
offline and online, support remission [5-10]. Few studies have
examined the impact of social groups beyond such peer-support
groups, and these tend to focus on a small number of offline
groups or individuals (eg, family, friends, and coworkers)
[11,12], thereby overlooking the potential of online communities
as social capital for managing the remission process.
Understanding the impact of online community memberships
beyond the direct effects of online peer-support groups can help
tailor support for those with limited access to offline social
networks. Access to a face-to-face support network can be
limited by geographical location (eg, rural areas), difficulties
with mobility (eg, lack of transport and failure of groups to
accommodate mobility impairments), or significant caring
responsibilities (eg, childcare availability) [13,14]. In some
cases, the stigma surrounding addiction can also make it harder
for those in remission to access offline help [15]. More recently,
lockdowns during the COVID-19 pandemic have severely
limited face-to-face interactions for those in remission, not only
with peer-support groups but also with a wider support network
of family, friends, and health care professionals [16]. Therefore,
it is not surprising that online communities play an increasingly
important role in providing social support, advice, and
information [17,18] and may act as an additional source of social
capital during remission.

Social Groups and Recovery
Overview
Research on the social cure provides mounting evidence that
membership in several social groups increases health,
well-being, and resilience [4,19]. For instance, research shows
that a higher number of self-reported group memberships is
associated with lower levels of smoking and drinking [20]. A
recent study of online communities found that the number of
subreddits an individual posted in and the evenness of
participation in these different online communities reduced the
risk of use episodes over several years for those in remission
from opioid use disorder (OUD) [21]. Being part of various
social groups is thought to provide members with psychological
and physical resources such as a sense of connectedness,
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meaning, purpose, and worth as a member of a positively valued
group [4]. Furthermore, groups also provide direct and indirect
social support, a sense of personal control through the group’s
ability to affect change, and the social power and agency that
the opportunity for collective action brings [4,22]. Similarly,
recovery capital can be built by developing and strengthening
links with those who are in recovery (bonding) and the wider
community that may provide support (bridging) [3,23,24].
The Social Identity Model of Recovery (SIMOR) [1] integrates
these 2 strands of research and suggests that meaningful
membership in various social groups underpins the successful
transition from addiction to long-term recovery. Rather than
focusing on a few strong interpersonal bonds, the SIMOR
suggests that being a part of several social groups is among the
key factors associated with remission from substance use. Group
membership becomes part of an individual’s self-concept—their
social identity—once the individual sees themselves, and is
seen by others, as belonging to a particular social group or
category [25,26]. When an individual identifies themselves as
a group member, as well as begins to feel part of the group,
group norms become internalized and guide attitudes, emotions,
and behavior [27].
On the basis of this approach, being a member of a community
that endorses substance use can be expected to increase
substance use as this behavior is a normative expression of this
particular group membership. In contrast, the model suggests
that membership in recovery support groups shifts the identity
away from an addiction identity toward a recovery identity. A
recovery identity is thought to promote remission, such as a
reduction in substance use or abstinence, through its norms and
by providing (social) resources. In the longer term, gaining or
regaining membership in groups that are not associated with
substance use or remission (ie, non–drug-related groups) should
help the individual build a social identity that increases health
and well-being and is resilient to life changes [28,29]. Hence,
the SIMOR conceptualizes remission from substance use
disorder as a long-term transformation of social relationships
and, correspondingly, the social self. The self is transformed
from an addiction identity to a recovery identity toward a range
of non–drug-related social identities (eg, parent, employee, and
volunteer) that the individual gains or regains during their
recovery journey [1].

Recovery Communities
Joining and participating in traditional support groups, such as
Alcoholics Anonymous (AA) or Narcotics Anonymous, have
shown significant promise in assisting individuals with a
substance use disorder in maintaining their abstinence [30] by
providing an encouraging and supportive community and by
facilitating programs for addiction management and remission.
An AA intervention designed to change an individual’s social
network—away from network members encouraging substance
use toward abstinence-supporting network members—found
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positive effects on behavioral and attitudinal support for
abstinence [5,31].
Similarly, positive effects on sustained remission have been
found for online peer-support networks. For example, research
found that engagement in online recovery support communities
on Reddit reduced the risk of recurring use episodes in those
who were in remission from smoking or from alcohol use
disorders [8]. Similarly, a qualitative study showed that
participation in the online recovery support group Soberistas
was related to an offline commitment to changing drinking
behaviors [32]. Studies on recovery from OUD show that online
recovery groups are supportive [33] and promote remission
despite a high chance of a recurring use episode among group
members [34].
Active participation has been shown to be an important
component [8]. For instance, a recent study found that those
who participated more on a Facebook page dedicated to
supporting those with a substance use disorder in the early stages
of remission were more likely to remain in the program [9].
Here, the level of participation was assessed through the number
of received likes and increased use of the word we.

Non–Drug-Related Communities
Further evidence from the field of addiction highlights the
important role of a wider social network beyond recovery
support groups. Much of this literature examines the effect of
peer support on the decision to "quit" substance use and start
therapy [35,36] or the reverse effect of the decision to quit on
the composition of the social network [37]. However, a few
studies have shown that social network composition affects
subsequent substance use.
A longitudinal social network study across 32 years found that
alcohol consumption tends to follow the behavior of individuals
in a person’s social network [38]. These effects were mostly
driven by interpersonal relationships with family members and
close friends rather than groups (eg, coworkers or neighbors).
The study also did not differentiate between problematic alcohol
consumption and general alcohol consumption.
Furthermore, a self-report study with residents in a therapeutic
community found that a higher proportion of non–drug-related
group memberships decreased substance use at the 6-month
follow-up [11]. In this study, the number of group memberships
and categorization into non–drug-related (or low-risk) and
substance use (or high-risk) groups were based on a mapping
exercise. Participants were asked to group their social relations
into different categories (eg, family, friends, coworkers, and
recovery peer groups). Participants also indicated the number
of people in each group who regularly used substances. Groups
in which most individuals used substances regularly were then
labeled as high-risk groups and those in which most of the
members were abstinent, in remission, or whose drug use was
unknown to the participant were then labeled as low-risk groups,
with more mixed groups remaining uncategorized. As a result,
recovery support groups were not considered in their own right
but were classified as high risk, low risk, or uncategorized based
on the perceived substance use of its members and not based
on the norms of the group. This method also does not clearly
https://www.jmir.org/2022/8/e36555
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differentiate between interpersonal relations (eg, family and
friends) and group membership (eg, work team). Surprisingly,
participants indicated only a very small number of group
memberships (median 4). This suggests that small groups were
mostly considered by participants rather than wider social
categories (eg, parent and Christian) or shared interest groups
(eg, volunteer and rugby fan) that form an individual’s social
identity [27].
In summary, current research suggests that face-to-face
interactions with individuals and groups who are not engaging
in substance use are more likely to support remission than
interactions with individuals who are known to continue to use
substances. However, there appears to be very little, if any,
research examining the effects of a wide variety of (online)
communities that are concerned with non–drug-related interests,
such as video games, literature, sports, and politics. Instead,
current literature focuses on small groups and interpersonal
social networks.

Substance Use Communities
In line with the SIMOR, a few studies indicate that a higher
proportion of individuals engaging in substance use—or
substance use groups—in an individual’s network tends to be
related to higher substance use [11,38], although others have
found no statistically significant effect [39]. However, these
studies also indicate difficulties in neatly categorizing a group
as a substance use group as opposed to a non–drug-related
group. The use versus nonuse binary has been challenged by
several researchers (eg, [40,41]) as adding a burden on those in
remission. For instance, qualitative research suggests that
severing ties with groups that continue to engage in substance
use can result in the loss of trusted and emotionally significant
relationships, particularly for young people [40]. Importantly,
those who continue to engage in substance use do not necessarily
seek to undermine remission in others and may provide
information and emotional support. Similarly, the suggestion
that the "bad company" of substance use groups undermines
remission has been criticized as being based on relatively sparse
empirical evidence [41]. Specifically, for online communities,
we are not aware of any research examining the effect of
participation in communities that actively promote or endorse
substance use on the risk of recurring use episodes for those in
remission.
In summary, there appears to be some empirical support for the
positive effects of recovery support groups and offline
non–drug-related groups on remission from substance use
disorders. However, evidence is surprisingly sparse regarding
the effects of groups that promote substance use and
non–drug-related online interest groups. Looking closely at the
research also reveals a mix of approaches in determining the
type of group—often revealing a focus on the perceived behavior
of known individuals rather than the norms that the wider social
group is promoting. It is also unclear from the current literature
whether it is close interpersonal network members (eg, family,
friends, and coworkers) or interactions with wider communities
(eg, parents, volunteers, sports fans, and Christians) that support
remission. Finally, the current literature is limited to separately
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examining the effects of substance use, recovery, and
non–drug-related groups.

Aim and Hypotheses
This study aimed to extend a previous study [21] on the effects
of multiple online group memberships on remission from OUD.
More specifically, this study tested the effects of substance use,
recovery, and non–drug-related online communities separately
in terms of absolute numbers of memberships and as a
proportion of all memberships. Differentiating between the
effects of different types of communities is both theoretically
and practically important. In addition to testing the wider social
cure hypothesis, this approach will test the SIMOR, which
suggests that substance use groups affect remission differently
from recovery and nonusing groups. Although several studies
have tested parts of the SIMOR, only one study that we are
aware of has tested all 3 types of groups together [11], and none
has done so in an online environment. Understanding how
different types of online communities affect remission also has
practical implications by allowing those in remission to make
more informed choices about their online community
engagement. Furthermore, by examining data across several
years, the study also sheds light on the longitudinal effects that
these 3 different types of social groups have on the risk of a use
episode over time, thereby considerably extending the
knowledge about the long-term effects of social group
membership.
In line with the SIMOR, we expected that a higher number (and
proportion) of online community memberships actively
supporting recovery will decrease the risk of a use episode over
time (hypothesis 1). Similarly, a higher number (and proportion)
of non–drug-related online groups were predicted to reduce the
risk of a use episode (hypothesis 2). In contrast, a higher number
(and proportion) of memberships in online communities that
advocate substance use were expected to increase the risk of a
use episode in those in remission from OUD (hypothesis 3).

Methods
Data Selection
The online forum platform Reddit provides a unique opportunity
to study the effects of membership and activity patterns in
various online communities on the risk of recurring use episodes
[8,18,21]. Reddit is a public social news and discussion website
where user-created content is organized into topic-based boards
called subreddits. It accommodates >100,000 different
subreddits where content is shared within a community of
interest, such as about politics, business, parenting, medical
conditions, sports, literature, music, video games, and life
choices. This abundance of social groups allows us to
simultaneously examine the effects of substance use, recovery,
and non–drug-related online communities on the risk of a use
episode during remission.
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The subreddit r/OpiatesRecovery has >31,000 members and
has provided individuals who wish to recover from OUD with
recovery information and peer support since 2012. Some
members make statements about their remission status on a
regular basis by announcing the number of days they have not
been using opioids. In combination with statements announcing
a use episode, this provides us with information about the point
in the recovery journey when a community member had a
recurring use episode. Furthermore, anonymous but unique user
IDs allow us to gather data on community members’ activities
across the entire Reddit platform, providing behavioral
information on engagement with online communities. Using
behavioral information, problems with memory bias and
differences in the definition of what is meant by a group
membership can be circumvented. This is particularly important
in light of the recent finding that online interactions are not
spontaneously self-reported as social contact [42].

Ethics Approval and Privacy Considerations
Before work commenced, the study received ethics approval
from the University of Exeter's institutional review board
(eCLESPsy001576), in line with the guidelines of the British
Psychological Society and the American Psychological
Association. This study used publicly accessible Reddit data
for the analysis. Reddit usernames were used to collect
quantitative data across different subreddits and were then
replaced with anonymous participant numbers in the working
data set. In this study, we do not report any user identifiable
information to protect user privacy (eg, direct quotations and
usernames); instead, we paraphrase quotations to illustrate our
method.

Data Collection and Preparation
The steps involved in the data collection and preparation
processes are illustrated in Figure 1. The study used publicly
accessible data from r/OpiatesRecovery between February 2012
(when the group started) and June 2019 (the month of data
collection).
After cleaning the data from adversarial content, bots, and so
on, the initial data set contained 295,232 posts and comments
from 18,125 individuals (step 1). Among these posts, we
identified statements in which individuals announced their
remission status (eg, “I’m 21 days clean”) and found 2950
instances of remission being announced by 1651 individuals
(step 2). As we wished to study the activity of those in remission
from OUD from the beginning of their current remission period,
individuals whose self-reported time in remission exceeded
their time on Reddit by >1 year were excluded from the analyses
(eg, an individual who joined in 2015 but said in a post that
they have been in remission since 2012). To allow sufficient
information about each individual in our data set, we only
retained data from those who posted at least 10 posts and
comments in any subreddit for a minimum of 3 different months
during the first year of remission. This resulted in 1081
individuals (step 3).
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Figure 1. Diagram of data collection and preparation for identifying use episode and no use episode cohorts.

To identify which individuals had experienced a use episode,
we examined statements commonly used to report such an
episode (eg, “I started using again last night”). As we aimed to
include as wide a sample as possible, we used inconsistent
reporting of abstinence to identify those with a use episode.
Where an inconsistent number of days without a use episode
was reported (eg, “5 days without using” after announcing “21
days clean” a week earlier), a trained psychologist individually
inspected remission status statements and found 51 additional
individuals with a likely use episode. On the basis of statements
and inconsistent reporting, we identified a use episode cohort
of 335 individuals (step 4) among the 1081 individuals that
regularly announced their remission progress. To ensure that
survival analysis can estimate time correctly, we excluded those
individuals for whom the time of the use episode could not be
narrowed down to a specific month. For individuals whose
remission statements only indirectly indicated a use episode,
we used the month between the last report of a consistent period
without a use episode and the announcement of a new period
of remission (step 5). Individuals who had a consistent increase
in remission days and did not make any statements about a use
episode were grouped into the no use episode cohort. To ensure
noninformative censoring, we only kept data from individuals
in the no use episode cohort who were still active in
r/OpiatesRecovery by the end of our data collection period in
June 2019 (step 6). In total, our sample comprised 457
individuals from r/OpiatesRecovery, of whom 219 (47.9%)
reported a use episode during remission, and 238 (52.1%) did
not report a use episode.

Labeling of Online Communities
To study the impact of distinct types of online groups on
recovery progress, we categorized them into 3 types in line with
the literature on the SIMOR: substance use, recovery, and
non–drug-related groups. We considered subreddits that actively
promoted substance use or discussed safe use as substance use
groups (eg, r/Drugs, r/trees, and r/fentanyl). These also included
legal substances such as alcohol consumption and tobacco
smoking (eg, r/Cigarette, r/juul, and r/alcohol). Groups that
discussed and supported recovery from addiction to any
substance were considered recovery support communities (eg,
r/narcoticsanonymous, r/quittingsmoking, and r/leaves). Both
the description of the subreddit and posts within the community
were considered when categorizing. Overall, 2 research
assistants labeled the data, with the 2 authors providing guidance
and reviewing the labels.
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The participants in our data set were part of >4500 subreddits,
which makes it impractical to label all of them. Therefore, we
used a snowball approach where we started with r/Opiates and
r/OpiatesRecovery, found similar subreddits to each of these,
and then identified their category based on the content posted
on the subreddit. We followed the same procedure for the newly
identified subreddits, limiting our search to 4 rounds. We used
Sayit [43], an online tool for finding subreddits similar to a
specific one based on the number of mutual members. This
procedure led to 1247 subreddits. Of these 1247 subreddits, 151
(12.11%) were labeled as substance use communities, 38
(3.05%) were labeled as recovery support communities, and
1058 (84.84%) were labeled as non–drug-related communities.
Given that non–drug-related subreddits had a much higher
prevalence, although we explicitly searched for subreddits on
substance use and recovery support, we tested whether those
who had not been labeled could be considered non–drug-related
communities. To do so, we randomly selected 500 subreddits
that had so far not been labeled and categorized them into
substance use, recovery, and non–drug-related groups. Only
3.2% (16/500) were found to be substance use or recovery
support groups. Therefore, it was decided that the risk of
categorizing the remaining unlabeled forums as
non–drug-related groups to the quality of the data was
negligible.
To assess the effect of different types of groups on remission
outcomes, researchers used 2 different operationalizations: the
absolute number of groups of a particular type [20] and the
proportion of a particular type of group relative to the total
number of groups [11]. Assessing the absolute number of group
memberships is in line with much of the social cure research
that tends to find that a larger absolute number of group
memberships is beneficial to health, mental health, and resilience
[4]. In contrast, the SIMOR suggests that recovery from
addiction is affected by the balance between substance use,
recovery, and non–drug-related groups (ie, the proportion).
Here, we use both operationalizations to examine the SIMOR
and the wider social cure hypothesis.
For each participant, we counted the number of different
subreddits in which they had posted at least once for each month
from their self-reported remission start date until the first use
episode or the last remission status announcement. On the basis
of a labeled list of subreddits, we assessed the number of
substance use, recovery, and non–drug-related group
memberships for each month. In addition, we calculated the
proportion of these group memberships by dividing membership
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into 1 of 3 categories (substance use, recovery, or
non–drug-related) by the total number of group memberships
in the same month (eg, number of substance use groups divided
by number of all groups an individual has posted in). For each
month, we also collected the number of posts and comments
that a participant had contributed to the different online
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communities. Summary statistics for the sample are provided
in Table 1, showing that participation in online communities
far outstrips the number of groups that individuals who are in
remission from a substance use disorder report in the offline
world [11].

Table 1. Summary statistics of no use episode and use episode cohorts (N=457).
All

No use episode

Use episode

Total sample, n (%)

457 (100)

238 (52.1)

219 (47.9)

Total posts, n (%)

237,435 (100)

137,030 (57.7)

100,405 (42.3)

Total subreddits, n (%)

4582 (100)

3513 (76.7)

2268 (49.5)

Posts per individual, median (range)

158 (1-15,805)

157 (1-15,805)

160 (3-7184)

Subreddits per individual, median (range)

14 (1-532)

18 (1-522)

11 (1-532)

Data Analysis
The availability of longitudinal data up to a maximum of 6 years
in an individual’s remission journey allowed us to predict the
risk of a use episode as an outcome variable in a survival
analysis (the step-by-step R code for the survival analysis is
provided in Multimedia Appendix 1). The absolute number of
substance use, recovery, and non–drug-related communities
that an individual posted in at least once, as well as the
proportion of these communities, served as predictor variables
in our models. The number of posts and comments that an
individual provided to these communities was statistically
controlled for. This allowed us to test whether it is the number
of group memberships, or an individual’s posting behavior, that
is related to the risk of a use episode.
Survival analysis is a type of time-to-event analysis that has
been widely adopted when the research interest is a combination
of whether the event has occurred (binary outcome) and when
it has occurred (continuous outcome). It provides unbiased
survival estimates by using the information provided by
individuals who have experienced the event (here, a use
episode), as well as by those who have not (here, no use episode;
so-called censored data). To explore the effects of various
factors on the time to relapse, we used an extended Cox model
[44]. This survival analysis regression method explores the
relationship between the event of interest (the use episode in

our study) and factors that affect the time at which the event
occurs. This allowed us to study how survival probabilities
change with changes in the studied factors. Unlike the basic
Cox model, the extended version is designed to accommodate
time-dependent variables; that is, variables whose values for a
given participant may differ over time. Cox modeling does not
make any assumptions about the statistical distribution of
survival times, unlike most other statistical models, which makes
it an appropriate choice for our research problem.
The data used in the study, the activity of individuals in terms
of Reddit group membership over time, is provided as a
supplementary file in Multimedia Appendix 1.

Results
Preliminary Results
Summary statistics (Table 2) of the number of substance use,
recovery, and non–drug-related groups that individuals
participated in at least once show that participation in
non–drug-related groups is common among individuals in
remission from OUD. They also indicate that those in the use
episode cohort show significantly less engagement with
non–drug-related groups than those in the no use episode cohort.
Interestingly, there were no significant differences in the number
of substance use and recovery groups, respectively, between
the no use episode and the use episode cohorts.

Table 2. Summary statistics and significance tests for online community types by use episode and no use episode cohorts.
Communities

No use episode, median (range)

Use episode, median (range)

Significance test
U test

P value

Substance use

1 (0-10)

0 (0-28)

24,414.00

.20

Recovery

2 (1-11)

2 (1-11)

27,946.50

.16

Non–drug-related

16 (0-507)

8 (0-493)

22,036.00

.004

Absolute Number of Group Memberships
In line with our hypotheses, we tested whether the absolute
number of memberships in substance use, recovery, and
non–drug-related groups affected the risk of a use episode during
OUD remission. In line with SIMOR, we expect recovery and
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non–drug-related groups to decrease the risk of a use episode
over time (hypotheses 1 and 2) and substance use groups to
increase the risk of a use episode (hypothesis 3). The number
of posts within these communities was controlled statistically.
The statistics for the 3 separate survival analyses and the
combined analysis are presented in Table 3.
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Table 3. Effects of the absolute number of memberships in recovery, non–drug-related, and substance use online forums on the risk of a use episode
during opioid use disorder remission.
Variable

b (SE)

P value

Odds ratio (95% CI)

Number of posts (recovery)

0.002 (0.0008)

.04

1.0017 (5.61×10−5 to 0.003)

Recovery memberships

−0.20 (0.08)

.009

0.8182 (−0.352 to −0.049)

Number of posts (non–drug-related)

0.0004 (0.0002)

.005

1.0004 (0.0001 to 0.0006)

Non–drug-related memberships

−0.05 (0.008)

<.001

0.9499 (−0.066 to −0.036)

Number of posts (substance use)

0.002 (0.002)

.11

1.0020 (−0.0006 to 0.0046)

Substance use memberships

−0.22 (0.07)

.002

0.8024 (−0.361 to −0.078)

Number of posts (total)

0.0004 (0.0001)

.001

1.0004 (0.0001 to 0.0007)

Recovery memberships

0.02 (0.07)

.73

1.02 (−0.108 to 0.154)

Non–drug-related memberships

−0.06 (0.01)

<.001

0.94 (−0.073 to −0.040)

Substance use memberships

0.08 (0.05)

.12

1.08 (−0.020 to 0.172)

Separate models
Recovery models

Non–drug-related

Substance use models

Combined model

In line with hypothesis 1, survival analysis showed that the
number of online recovery groups an individual is a part of is
negatively and significantly related to the risk of a use episode
(P=.01), irrespective of the number of posts. Similarly, the
higher the number of memberships in non–drug-related online
groups, the lower the risk of a use episode (P<.001), supporting
hypothesis 2. However, in contrast to hypothesis 3, we found
that the higher the absolute number of substance use group
memberships, the lower (rather than higher) the risk of a use
episode over time. The individual models also showed that the
number of posts or comments made in each type of forum tends
to increase the risk of a use episode. This effect was statistically
significant for recovery and non–drug-related online forums.
When all 3 predictors were included in the same survival
analysis, only the effect of the absolute number of
non–drug-related online communities remained significant.
Membership in non–drug-related groups has significant potential
for reducing the risk of a use episode by 6% per additional
non–drug-related group that an individual joins. Importantly,
this effect is found when controlling for the number of posts or
comments made, showing that the effect is not because of more
active engagement in online communities. In fact, the total
number of posts or comments was significantly and positively
related to the occurrence of a use episode during remission,
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indicating a higher risk for those who contributed more
frequently.

Proportion of Group Memberships
Next, we tested the same 3 hypotheses but with the number of
group memberships in a particular type of group (substance use,
recovery, or non–drug-related) relative to the number of total
Reddit communities in which an individual participated (ie, the
proportion). Again, we statistically controlled for the total
number of posts or comments that contributed to the respective
type of group. The statistics for the 3 separate survival models
are presented in Table 4.
Survival analysis showed an unexpectedly positive and
significant effect of the proportion of recovery group
memberships on the risk of relapse. Being part of a higher
proportion of online recovery subreddits significantly increases
the likelihood of an individual reporting a use episode over time
(P<.001). This finding does not support hypothesis 1. The model
also showed a marginally significant positive effect of the
proportion of substance use groups on the risk of a use episode
(P=.06). In line with hypothesis 3, this finding suggests that a
higher proportion of substance use groups may increase the risk
of a use episode during remission. In contrast, being part of a
higher proportion of non–drug-related groups significantly
decreases the risk of a use episode (P<.001), in line with
hypothesis 2.
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Table 4. Effects of the proportion of memberships in recovery, non–drug-related, and substance use online forums on the risk of a use episode during
remission.
Variable

b (SE)

P value

Odds ratio (95% CI)

Number of posts (recovery)

0.001 (0.001)

.29

1.00 (−0.0008 to 0.0027)

Recovery memberships (%)

1.61 (0.20)

<.001

5.00 (1.219 to 2.002)

Number of posts (non–drug-related)

−0.001 (0.001)

.30

1.00 (−0.003 to 0.0009)

Non–drug-related memberships (%)

−1.39 (0.26)

<.001

0.25 (−1.900 to −0.879)

Number of posts (substance use)

−0.004 (0.002)

.38

1.00 (−0.011 to 0.004)

Substance use memberships (%)

1.16 (0.60)

.06

3.20 (−0.062 to 2.387)

Recovery models

Non–drug-related models

Substance use models

Discussion
Principal Findings
Using naturally occurring data from the popular online platform
Reddit, we examined the risk of a use episode over several years
of remission from OUD. Our study tested predictions by the
SIMOR that recovery and non–drug-related group memberships
sustain remission, whereas substance use groups undermine it.
Here, we specifically tested the SIMOR in an online
environment to provide empirical evidence for the effects of
online community memberships that go beyond membership
in a single online recovery support group.
Our findings show that a higher number of memberships in
non–drug-related online groups are associated with a lower risk
of use episodes during OUD remission. The more online
non–drug-related groups an individual recovering from OUD
becomes part of, the lower the risk of a use episode over time.
This effect persisted when membership in recovery and
substance use groups was accounted for. These findings support
the SIMOR’s focus on building non–drug-related group
memberships to sustain remission [1]. They also support
predictions by the wider social cure literature, which suggests
that social groups deliver health benefits and create resilience
[4].
In contrast to much of the literature, we found mixed support
for membership in recovery support groups. The results indicate
that a higher absolute number of memberships in recovery
support groups is associated with a reduction in the risk of a
use episode but only when other types of group membership
are not controlled for. Furthermore, we found a significant
increase in the risk for those with a higher proportion of recovery
groups among all their Reddit groups.
We offer 2 explanations for this result. First, engaging with
several recovery support forums unrelated to opioid remission
may indicate that the individual is dealing with polysubstance
dependence or has been using multiple substances to
self-medicate health issues (eg, chronic pain) or underlying
mental health problems (eg, depression and anxiety). Recovering
from multiple substances in addition to opioids may increase
the chances of a use episode because of the higher risk to mental
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and physical health [45]. However, this explanation cannot
account for the finding that the absolute number of recovery
support group memberships reduced the risk of a use episode
(or was unrelated to risk when other group memberships were
accounted for). A second possible explanation is that a narrow
focus on online recovery support groups may be detrimental to
sustained remission when online activities do not include
participation in non–drug-related groups. Investing primarily
in recovery support groups (ie, having a high proportion of
recovery support group memberships relative to other
memberships) appears to undermine building a resilient social
self that incorporates a variety of social identities derived from
valued group membership in different spheres of life. This points
toward a need for future research to examine the extent to which
membership in (online) recovery support groups may reduce
engagement with non–drug-related communities and the effects
of this on the risk of recurring use episodes and other remission
outcomes. Examining the effects of recovery support group
membership in isolation may risk missing wider, potentially
detrimental effects.
Furthermore, our analysis uses data across several years, thereby
examining a longer period of recovery than is usually
investigated in the literature, which tends to focus on 6 months
to 1 year after treatment. Therefore, it is possible that our
findings reflect the importance of non–drug-related identities
that replace a recovery identity in the long term, as suggested
by the SIMOR [1]. Hence, our work provides the first indication
that the recovery journey needs to continue beyond building
recovery support group memberships and that online
communities can play a part in providing a diverse range of
non–drug-related group memberships.
We also found inconsistent support for the proposed detrimental
effect of substance use groups on the risk of a use episode during
remission. Memberships in online communities that promote
substance use did not show the expected effect of increasing
the risk of a use episode. Instead, we found a significant negative
effect of the absolute number of substance use communities on
the risk of a use episode. This effect disappeared when other
group memberships were controlled for. However, we also
found a marginally significant effect that a higher proportion
of substance use community memberships increases the
likelihood of a use episode. Together, this inconsistent pattern
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does not unequivocally support the assumption by the SIMOR
that substance use group memberships undermine long-term
remission.
This finding is surprising as substance use groups on Reddit
share pictures of drugs and paraphernalia. Such pictures have
been linked to cravings in individuals with substance use
disorder [46]. However, our study did not exclusively focus on
substance use groups linked to opioids. Those who participate
in substance use communities may seek alternative treatments
to avoid opioid use [47]. Furthermore, some researchers have
challenged the assumption by the SIMOR, as well as similar
models, that substance use groups are necessarily detrimental.
For instance, qualitative research has shown that groups (and
individuals) associated with continuing substance use can
provide significant recovery support through information [48]
and trusted and emotionally significant friendships [40]. Future
research is needed to provide a clearer, as well as a more
differentiated, picture of substance use group memberships and
their part in the recovery journey.
Importantly, we controlled for posting activity throughout to
test whether the number of group memberships or the activity
level drives effects. Interestingly, posting activity was positively
related to the risk of a use episode, suggesting that those who
posted, or commented, more frequently were more likely to
report a use episode. Surprisingly, this effect was significant
for both recovery and non–drug-related online communities,
indicating that this effect was not because of an increased
discussion of drug-related issues. Future research should
examine whether posting frequency is an early warning sign of
recurring use episodes or whether other variables related to
posting activities act as risk factors.

Limitations and Future Research
To test the SIMOR and extend previous research on the effects
of online community memberships on the risk of a use episode
during OUD remission [21], we categorized subreddits into
substance use, recovery, and non–drug-related groups. Our
discussion of the effects of recovery groups and substance use
groups indicates that such a classification might be too simplistic
to capture the effects of specific groups on the risk of recurring
use episodes. The supposedly neat categorization into these 3
types of groups by the SIMOR has already been criticized
elsewhere [40,41,49]. Although such labeling of groups provides
some benefits in terms of public health messaging, it may not
adequately reflect the complexities on the ground.
Another limitation is the lack of demographic information and
other relevant information in our sample. As a result, we cannot
statistically control for potential confounding variables such as
previous opioid use severity, treatment uptake, comorbidity,
and other relevant variables. For instance, individuals who
manage to join more online groups during their remission from
OUD may have personal skills (eg, self-confidence) and
privileges (eg, free time and unrestricted internet access) that
allow them to engage with more online communities.
The sample size of our study was smaller than those of other
studies that used computational approaches. However, the
sample size is still larger than that of the vast majority of studies
https://www.jmir.org/2022/8/e36555
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in the area of social group effects on remission outcomes.
Furthermore, sample size is not an indicator of the validity of
the findings. It is increasingly being recognized that an important
challenge when using online data for clinical or social research
questions is that validity is established across all components:
a high-quality sample, valid measures, and appropriate statistical
methods. As outlined in the Methods section, the sample size
was determined by methodologically justified steps to ensure
valid conclusions. For instance, rather than including all
individuals who posted in r/OpiatesRecovery and did not report
a use episode into the no use episode cohort, we ensured that
we had a clear indication from remission status statements that
no use episode had occurred where inconsistent remission status
statements were made, and a trained psychologist reviewed the
case. Similarly, we invested time in labeling a large number of
subreddits not only based on their name or mission statement
but also by taking the posts in the subreddits into account.
Importantly, our research found that the activity level in
communities was unrelated to the risk of a use episode or
increased risk rather than lowering it. However, we do not have
data for individuals who are entirely passive members of a
community; that is, those who read posts but never or rarely
post themselves (sometimes referred to as lurkers). The CEO
of Reddit, Steve Huffman, estimates that two-thirds of the
members may fall into this category [50]. Recent research shows
that active participation in face-to-face groups is not an attractive
or viable option for everyone [14]. Therefore, understanding
whether lurking is enough to provide a person with a sense of
social identity and group resources (eg, advice and shared
experience) is a relevant (although technically challenging)
avenue for future research.

Practical Implications
Online communities provide a new methodological way of
studying remission from substance use disorders. The public
and anonymous nature of online communities allows us to
examine longitudinal data of those who are in remission over
several years, including data from individuals that may be
difficult to recruit for traditional surveys or interview studies
(eg, those who do not access therapy through the health care
system). Much of the literature on social group effects on
remission relies on cross-sectional data, with only a few studies
testing longitudinally, rarely for more than 6 months or a year
at best. Sample sizes tend to be small (often N=20-50 for
smaller, cross-sectional studies, with N=200-350 for large
studies) and often stem from therapeutic communities or
peer-support groups (eg, AA or Narcotics Anonymous), thereby
limiting findings to those who already successfully access formal
support. Examining online community behavior, such as
participation in different online forums, also allows us to observe
real-world behavior rather than having to rely on the memory
and subjective definitions of participants in survey studies and
interviews.
Online communities have the potential to benefit those who are
in remission from substance use disorder by providing relatively
easy access to social groups. Our findings suggest that fairly
minimal engagement with non–drug-related groups can increase
resilience during recovery over a long period. Although online
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communities are not universally accessible because of the
requirement for an internet connection and basic literacy and
computer skills, they create fewer barriers than many offline
groups [14]. They may also provide a sense of continuity to
those who need to move their location.
Importantly, our research indicated that an exclusive or narrow
focus on recovery support communities may increase the risk
of recurring use episodes. Platforms and mutual help
communities that offer online support to those in substance use
remission but are not part of a wider platform (eg, Reddit) may
wish to flag non–drug-related online communities to their
members to enable them to build wider social group
memberships and avoid a narrow focus on recovery support
groups, particularly in the longer term.

Conclusions
Opioid addiction is one of the most pressing public health issues
of the day and was declared a national health emergency by the
US government in 2017 [51], with an average of 128 overdose
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deaths from opioids every day in the United States alone [52].
Worldwide, 118,000 deaths in 2015 were directly associated
with OUD [53]. Access to therapy and recovery support groups
can prove difficult for several reasons, such as a lack of funding,
stigma, and personal circumstances. Online groups, such as
forums on popular platforms like Reddit, may provide a lifeline
for those who are in remission from OUD. Providing
evidence-based support for the use of online groups during OUD
remission is an important public health task. Here, we provide
the first evidence that online forums that are unrelated to
substance use and recovery advice can provide social capital
that significantly reduces the risk of a use episode across several
years significantly—by as much as 6% per additional
non–drug-related online community. Our results also suggest
that more research is needed to understand the circumstances
under which ties with substance use groups may not pose a risk
to sustained remission from OUD. Similarly, further research
is needed to understand the circumstances under which a narrow
focus on online recovery support groups may be harmful during
OUD remissions.
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Abstract
Background: Patients struggling with rare diseases may face challenges caused by care providers being unfamiliar with their
condition. The life span of people with rare diseases may be the same as that of healthy people, but their quality of life is different.
Patients with chronic pain are constantly looking for ways to mitigate their pain. Pain killers are not a permanent solution. In
addition to the medical and nonmedical costs of rare diseases for both patients and health care providers, there is a need for
sustainable sources of information that are available to help with pain and improve their quality of life, with the goal of reducing
physician visits and hospital admissions.
Objective: This study investigated the challenges that patients with genetic disorders face in managing their health conditions
and finding disease-related information as well as the effect of online peer support groups on pain mitigation and care management.
Methods: Interviews were conducted via Zoom between July 2021 and December 2021. Eligible participants were those who
were aged >18 years, had a medical diagnosis of any type of Ehlers-Danlos syndrome (EDS) with chronic pain, and were members
of any support group. Participants were recruited through an announcement in the research and survey section of The Ehlers-Danlos
Syndrome Society web page. Interviews were analyzed using the framework approach. Data were systematically searched to
identify patterns, analyze them, and identify themes. Interview audio files were transcribed and independently coded by two
researchers (SA and AT). Through an iterative process, a final coding table was agreed upon by the researchers and used to
thematically analyze the data.
Results: We interviewed 30 participants (mean age 37.7, SD 15 years; n=28, 93% were women; n=23, 77% were residing in
the United States). Thematic analysis revealed that participants (patients with EDS) were constantly in pain and most of them
have not received accurate and timely diagnoses for many years. They expressed their challenges with health care providers
regarding diagnosis and treatment, and complained about their providers’ lack of support and knowledge. Participants’ main
sources of information were web-based searches, academic journals, The Ehlers-Danlos Syndrome Society web page, and online
peer support groups on Facebook, Reddit, Twitter, and Instagram. Although pain killers, cannabis, and opioids are providing
some pain relief, most patients (28/30, 93%) focused on nonmedical approaches, such as hot or ice packs, physical therapy,
exercises, massage, mindfulness, and meditation.
Conclusions: This study highlights the information gap between health care providers and patients with genetic disorders.
Patients with EDS seek access to information from different web-based sources. To meet the needs of patients with genetic
disorders, future interventions via web-based resources for improving the quality of care must be considered by health care
professionals and government agencies.
(J Med Internet Res 2022;24(8):e39172) doi:10.2196/39172
KEYWORDS
online peer support group; genetic disorders; pain management; Ehlers-Danlos syndrome; EDS; chronic pain; health care provider;
pain mitigation techniques
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Introduction
Background
More than 400 million people (30 million Americans) are living
with one or more of the 7000 identified rare diseases. Rare
diseases encompass many different disorders and symptoms,
but approximately 72% of rare diseases are genetic [1]. In this
study, our focus was on Ehlers-Danlos syndrome (EDS), a
genetic disorder. It is an inherited connective tissue disorder
that causes problems in the skin, blood vessels, bones, and other
organs. Patients with EDS have to cope with complications such
as joint hypermobility or dislocations and damaged skin for
their entire life [2]. Similar to other rare diseases, a lack of
scientific knowledge and information regarding EDS causes
delays in diagnosis. On average, it takes 6 to 8 years for patients
to obtain an accurate diagnosis of their disease. There are no
Food and Drug Administration–approved drug treatments for
>95% of all rare diseases [3]. Therefore, patients with genetic
disorders are under considerable pressure to learn about their
disease and how they can manage their pain [4]. On the basis
of the recent survey results, compared with other diseases such
as cancer, patients with genetic disorders did not feel sufficiently
supported with issues related to mental health, navigating the
health system, physical and daily living, patient care, and sexual
needs [5]. The life span of people who are diagnosed with
genetic disorders is often the same as that of healthy people,
but the quality of their life is usually very different. There are
no cures for genetic disorders; therefore, patients cope by
mitigating pain and maximizing their quality of life [6].
The availability of health information on the web has increased
dramatically over the past decade. A study in 2018 showed that
adults in the United States looked on the web for health
information 59% more than in 2013 [7]. The study also revealed
that, currently, 55% of health care information seekers are
relying more on the internet and web-based resources for their
health-related information than 5 years ago. More than 67% of
American health care information seekers mentioned that they
look for health information on social media. The importance of
online support groups has been studied among different people
[8] with different diseases such as Parkinson disease [9],
psychiatric disabilities [10], amyotrophic lateral sclerosis [11],
breast cancer [12], chronic diseases [13,14], neuromuscular
disorders [15], and alcoholism [16]. Several studies [12,13,17]
have discussed the positive impact of online support groups and
how patients can benefit from the emotional and community
support obtained from such groups. Online support groups are
also used for information support. People who faced similar
problems can share possible solutions, suggest how to cope with
symptoms, and provide information about their disease to other
members of the group [11,18].

Objective
This study investigated the approaches followed by patients
with EDS to gain information about their disease, find solutions
and treatments, and discover pain mitigation techniques. In
addition, the effects of online peer support groups on pain
mitigation and care management were examined. Information
about the challenges faced by patients with genetic disorders
https://www.jmir.org/2022/8/e39172
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with their health care providers is crucial for governments,
researchers, health care regulations, and policy makers to be
able to improve health care and population health management.

Methods
Overview
This study comprised qualitative, individual, semistructured
interviews with patients with EDS to gather perspectives on the
care management. Interviews were conducted to investigate the
effectiveness of online peer support groups in managing the
health conditions of patients with genetic disorders. Transcripts
were analyzed using thematic analysis approach, which allows
for both inductive and deductive themes to be explored using
an iterative, constant comparative coding process.

Ethics Approval
All research activities were approved by the institutional review
board of the Sacramento State University (protocol number
IRB-19-20-173).

Participants
A total of 30 participants were recruited by advertising the study
on The Ehlers-Danlos Syndrome Society web site. Eligible
participants were those who were aged >18 years, had a medical
diagnosis or a suspected case of any type of EDS with chronic
pain, and were members of an online support group.

Recruitment
The recruitment flyer and announcement letter were posted on
The Ehlers-Danlos Syndrome Society website. Volunteers for
the study were instructed to email the primary investigator to
express their interest and learn more about the study. In response
to those volunteers, the primary investigator (SA) of the study
emailed the e-consent form, study details, time window for the
appointment (in PST), and a request for their availability for a
30-minute interview. From July 2021 to December 2021, we
received 57 emails and eventually scheduled appointments with
30 (53%) of them. The remaining volunteers (27/57, 47%) did
not respond regarding their availability. The interviews were
conducted via Zoom, with the participants’ permission to record
the session.

Data Collection
The semi-instructed interviews were conducted by the first
author of the study (SA), using the question guide presented in
Multimedia Appendix 1. The discussion began by sharing the
experiences of the researcher (SA) as a patient with genetic
disorder along with chronic pain and further discussions about
the origins of this study. Participants could ask questions at any
point during the interview. After explaining the background of
the study, participants were asked several demographic
questions, leading to questions about their experience with pain
and EDS. Participants themselves tended to guide the
conversation, and they explained in detail about their journey
toward learning more about EDS. The interviewer provided
prompts to pursue more detailed discussions on selected topics
and help keep the discussions on track.
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The main focus of the discussions, along with the research
questions, was on (1) pain management techniques, (2) different
sources of information about patient’s health, (3) use of online
support groups in managing one’s health condition, and (4)
health care providers’ roles. The average length of each
interview was 45 minutes.

Data Analysis
The interviews were audio-recorded and transcribed verbatim.
The research team used inductive thematic approach to develop
themes from the interview transcripts. In total, two authors (SA
and AT) independently read the 30 transcripts several times to
familiarize themselves with the data and identify themes. The
2 authors met to discuss their findings to resolve differences.
After this analysis, the authors developed a thematic framework.
They also coded all the transcripts using this thematic framework
independently. The main topics from the interview guide were
used to create the initial deductive codes. Deductive and
inductive codes were identified and used, respectively, in our
analysis. Then, the authors discussed the results to reach
consensus and refine the main themes. NVivo (version 12.2.0;
QSR International) was used in this study to organize the
transcripts and facilitate analysis.

Results

Ashtari & Taylor
disorders and participating in online support groups and their
efforts to find solutions for their pain and health conditions.
Our themes include (1) patients with EDS disorders are
constantly in pain; (2) challenges with health care providers
regarding diagnosis and treatment; (3) lack of health care
provider support; (4) searching for different sources of
information; (5) collection of different pain management
techniques; (6) finding disease treatments, lifestyle solutions,
and shared experiences in online peer support groups; and (7)
changes in health management as a result of participating in
online support groups.

Participant Characteristics
A total of 30 English-speaking participants were interviewed
in 2021. Participant characteristics are reported in Table 1.
Participants had a mean age of 37.7 years. Most participants
(28/30, 93%) identified as women, with most of them residing
in the United States (23/30, 77%). Our demographics reflect
that of the general population with EDS, which is 73.9% women
and 26.1% men [19,20]. Most participants (28/30, 93%) were
White. In total, >65% of the participants had some college and
graduate degree; however, <45% of them were currently
working. Owing to chronic pain and health conditions, most of
them (17/30, 57%) were temporarily disabled or can no longer
work.

Overview
Following our template analysis, seven main themes were
identified based on patients’ experiences of living with genetic
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Table 1. Participants’ characteristics (N=30).
Characteristics

Values, n (%)

Age (years)
10-21

2 (7)

20-29

4 (13)

30-39

13 (43)

40-49

4 (13)

50-59

4 (13)

60-69

3 (10)

Gender
Women

28 (93)

Nonbinary

2 (7)

Ethnicity and race
African American or Black

1 (3)

Pacific Islander

1 (3)

White

28 (93)

Highest level of education
High school

10 (33)

Bachelor degree

7 (23)

Master degree

10 (33)

PhD

3 (10)

Currently employed
No

17 (57)

Yes

13 (43)

Country of residence
International

7 (23)

United States

23 (77)

Patients With EDS Disorders Are Constantly in Pain
Patients with EDS are constantly in pain. They expressed their
pain frequency as every day and all the time. The level of pain
and its location varied among patients. All quotes are presented
verbatim, but to improve readability, some filler words such as
like and um were removed. In addition, the information in the
bracket at the end of each quote refers to the interviewee’s
information that we deidentified and coded. A participant
described her pain as follows:
Every day, I would say that my normal pain level is
probably a three to four that’s like my normal, but
then whenever I’m having a really bad flare it could
be up to like seven sometimes eight. [H-CA]
The participants also showed their frustration of being in
constant pain and their desperation to find a cure or treatment:
I am in pain everyday all the time, it’s pretty
ridiculous. [E-CA]
I am in pain every minute, every second, every hour,
every day, non stop. [SH-U]
https://www.jmir.org/2022/8/e39172
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I probably suffer about 20 to 30 sublocations and
dislocations a day, I mean, I’ve always been in pain.
[El-U]

Challenges With Health Care Providers Regarding
Diagnosis and Treatment
Participants shared their difficulties in receiving timely and
precise diagnosis from their health care providers. Most of them
(25/30, 83%) declared that their disease remained as a mystery
for many years before they were diagnosed with EDS:
I’ve always known there’s something different about
me, but I was not formally diagnosed until February
of this year. I’ve been regressing pretty steadily since
March of 2019, but I did not have a formal diagnosis
and so. I go to a lot of different doctors to try different
things. [AM-CO]
I live in a really rural area as well, so our medical
care is pretty limited. You know I don’t think there’s
any doctors here that really too familiar. [SA-TE]
I’m so used to managing it on my own. Since I was
diagnosed over 100 different doctors specialists in
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different areas. Doctors are completely useless, most
of the time when I start listing my medical conditions
I’ll get to the third or fourth one and their eyes glaze
over and it’s like they just assume. [SA2-CA]
Several participants (8/30, 27%) were misdiagnosed and had
to visit different providers to understand their actual problem:
I’ve been hyper mobile since I was a young child and
it got misdiagnosed as various things along the way,
until we finally landed on what we now know.
[PA-MI]
The diagnosis was only recent probably within the
last six months, but up until then everyone thought it
was fibromyalgia, but I had been tested for
Parkinson’s and for multiple sclerosis and for
arthritis and every other kind of immunological
disease that they could think of. [CH-NA]
It’s actually more recent diagnosis. I was mistaken
as with lupus for a long time. [EL-U]
Given that participants had to deal with chronic pain for most
of their life, they were eager to learn about their disease and
treatment solutions through a trusted source such as a health
care provider. Lack of knowledge and awareness among
physicians and family members has made the life of patients
with EDS more difficult:
My biggest pain problem was like my legs, and I
remember at being two years old crying on the floor
of a gas station and my mom’s like come on get up.
You know because she didn’t believe me, and
throughout my whole life I’ve had these leg pains that
would come and go, and just nobody knew what it
was you know, and I was 46 years old, when I first
got diagnosed. [SA-SC]
I have known about it all my conscious life. I have
been working on trying to figure out what this
hypermobility means and trying to get doctors and
medical professionals help me understand what it
means, and it’s been a long journey. I did the research
myself and looked up medical articles. I took that to
my doctor, and I said, “I think I have this” and she
read it, looked at it and said, “you know, you are
probably right.” So, I did it myself, that was in
probably 2006, 2007. [KA-CA]

Lack of Health Care Provider Support
One of the main complaints from participants was the lack of
support from their health care providers. Many participants
(26/30, 87%) mentioned that their medical team was not
supportive and did not trust them when they said they were in
pain:
I’ve had issues and it’s kind of like, you may have this
but it doesn’t really matter anyway because it’s
having a lot of other issues that they couldn’t put
together, so I’ve known about it for a long time but
been diagnosed for about a year. Because that’s one
of the biggest things right it’s like you have doctors
that just don’t believe you or they don’t believe in
https://www.jmir.org/2022/8/e39172
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EDS. And they’ll tell you it’s all in your head.
[JU-KE]
Just that fear of you know, having a doctor be like
Oh, this is all in your head you’re just looking for
attention you’re just a girl Blah Blah Blah like
everything that I heard from like age seven. My friend
said to do stuff to get doctors to take you seriously.
[JE-BO]
Several participants (10/30, 33%) expressed helplessness in
their current situation and desire to find a way to manage their
health in a less stressful manner:
I distinctly remember being kicked out of Tuft’s
Ehlers-Danlos because I had been fainting left and
right and they’re like you should try acupuncture or
yoga and we think that this is a psychiatric problem.
[JE-BO]
I am scared that it is never going to heal right, and I
will never have the strength that I used to have.
[ER-U]

Searching for Different Sources of Information
Participants reported searching different sources for disease
information and pain mitigation techniques. Approximately all
participants (29/30, 97%) were actively searching the internet
to learn about their problem and find solutions to manage their
health. Among these resources, online peer support groups
hosted by Facebook, Instagram, Twitter, Reddit, and Inspire
were the most popular. Each of these platforms has its own tools
and methods for distributing information:
I find the Facebook group very helpful because they
are like people chain, for example one kind of
antibiotics that we should not use they shared a name,
so I know right now. I’m in local EDS group in Italy.
[DA-IT]
The nice thing about doing the Instagram awareness
thing was a bunch of people were in my group
message but I’m already friendly with them and they
are like oh hey I have this too, and let’s chat and you
know so I’ll go to them now and be hey have you tried
blah blah blah. [JE-BO]
It’s been helpful to be able to talk to other people that
have it, too, because they go through what you go
through, as opposed to like a medical professional
that doesn’t go through it and they’re trying to help
you arguing. [HA-CA]
The subreddit for Ehlers-Danlos and be like hey does
anybody know of a thing that’s useful for like this type
of pain Has anybody had any luck with X or Y or Z.
[JE-BO]
Most participants (25/30, 83%) described their approaches to
finding information about their disease. As a first step, they
searched symptoms and problems on Google. Most of the time,
Google directed them to scientific and scholarly pages from
medical journals:
I go straight to the internet because that’s what my
doctors are doing, you know even my doctors don’t
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know what they’re up against so there’s really no
better. [CH-NA]
I’ll just Google what the issue is and research that
and then I usually bring that to my doctor, and I look
more than often and look on PubMed for actual
research. [AM-CO]
Another trusted source of information is The Ehlers-Danlos
Syndrome Society website. Participants rely heavily on the
disease information found in that website:
I also usually go to the Ehlers-Danlos society. They
have a lot of information and videos and stuff about
EDS so I can usually find stuff there. The
Ehlers-Danlos society has an LGBT support group
and I go to that one exclusively because it’s so much
better. [MI-SE]
The Ehlers-Danlos society that is a really good place
to get information. [KA-U]

Collection of Different Pain Management Techniques
Participants discussed the nonmedical pain management
techniques that they learned through online support groups, web
searches, and reading other patients’ experiences. Many
nonmedical pain mitigation techniques that they use include
hot and cold packs, mental therapy and meditation, topical
creams, diet, braces, distraction, and salt baths:
Ice and heat are my best friend. [PA-MI]
My greatest tool for dealing with the pain is
mindfulness. [ME-DC]
I also have some over the counter muscle rub that’s
a help, I take a muscle relaxer every day because a
lot of the pain that I have is from my muscles being
so tense because they’re doing the job of my joints.
[LY-NA]
One thing that I am trying to do is take a look at my
own nutrition and figure this out. You know, what is
helpful, what should I avoid, and it’s been a long
journey, but I think I am getting closer. Certain foods
are irritating, some fruits make me inflamed and
retain water and gain weight. The blood type diet is
very helpful. [KA-CA]
Participants shared their experiences with physical therapy,
exercises, dry needling, and acupuncture for reducing their pain.
They had both positive and negative experiences with physical
therapy. They mentioned that the knowledge of the physical
therapist and their familiarity with EDS are necessary for
achieving a good result in pain reduction:
I’m going to physical therapy for the EDS and that’s
been helping me a ton in terms of the pain. She started
me in the pool which was super helpful. [JE-BO]
When I first got diagnosed my doctor sent me for
physical therapy. After about a month they said you’re
not getting any better, so we can’t help you so that
ended, because at the time they did not know how
they can help me. [SA-SO]
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I get dry needling done. It makes such a difference to
my functionality and my pain. It’s definitely worth
finding the right person to do it. [SA-AU]
Several participants (4/30, 13%) talked about pain management
classes that they attended through their health care provider,
but the result was not very satisfactory:
I was going to the pain management program. They
do a lot of stuff like learning how to meditate and
calm your system down. They don’t use any kind of
painkillers. It’s all like the mind and body. The only
issue with the pain management program is they’re
not very educated on people with EDS, and so they
were having me do everything that everybody else
was doing and that could be very harmful to those of
us with EDS. [HE-CA]
Many participants (28/30, 93%), through trial and error and
web-based research, found body positions that gave them less
pain and great relief. They tried taping, stretching, moving,
sitting, and resting in different positions:
I move myself every day. To start the circulation in
the blood system, because then I don’t get stuck.
Sleeping well it’s good. [LO-SW]
It’s very important that I listened to my body and lay
down when it says lay down. [LY-NA]
What position can I put my body in to quiet it and so
slowly but surely, I found things, to do the trick. When
I got into where I had to keep moving around...
[SU-NY]
Approximately half of the participants (16/30, 53%) mentioned
that they had used different drugs such as opioids and cannabis.
However, many of them (10/30, 33%) expressed their concern
about addiction or developed drug tolerance and could not
receive the same relief in the long term:
The topical medical marijuana stuff with cannabidiol
in it and essential oils, some of those are amazing.
[SA-CA2]
I don’t take any pain medication I had a very, very
bad experience over multiple years of being on
progressive levels of opioids. [SA-CA]
I was taking opioids when I first got diagnosed. I took
those for about three years, and I got off of them two
reasons, first, I could tell my body was becoming too
used to them, and you know I had to take more and
more, but also it actually made my pain worse
because you know my body got used to it. [SA-SO]
Although participants named 23 different nonmedical pain
mitigation techniques, pain killers were still on everyone’s list.
For most of them (20/30, 67%), pain killers and
anti-inflammatory medication were not sufficient. They have
to use multiple techniques to reduce their pain and frustration.
Several pain killers were being used: naltrexone, celecoxib,
ibuprofen, meloxicam, carprofen, tylenol, and amitriptyline.
They also mentioned using antidepressant medicines such as
fluoxetine and diazepam or similar products for sleeping
problems caused by their persistent pain.
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Finding Pain Solutions, Lifestyle Tips and Tricks, and
Community Support Through Online Peer Support
Groups
Most interviewees (24/30, 80%) were participating in online
peer support groups to find pain management solutions,
physician and product referrals, natural remedies, or tips and
tricks that can make their life easier. They also benefited from
sharing their experiences and hearing other patients’ stories:
I like when people have recommendations or like what
works for them. Different kind of tips and tricks, I
guess. [JE-AL]
Information about my disorder like you dislocate your
shoulder What do you do when your shoulder
dislocates do you wear a brace like this do you tape
it, how did you tape it yourself, do you use YouTube
videos learning it like What do you do you know I
mean. [MI-SE]
I usually go on them like the Amazon
recommendations I find those really helpful,
especially when I’m trying to buy furniture. I have
asked in the past about assistive devices, so you know
it’s getting hard for me to turn door handles, anybody
got a suggestion. [SA-AU]
Several participants (7/30, 23%) mentioned their gratitude for
being able to help and support other people:
I am able to help people because I see these people
that are just starting on their journey or they are much
younger than me and they’ve been diagnosed, so I
can give them these tips that are all my best practices
that you know. [SA-CA]
Another reason why patients are participating in online peer
support groups is the discovery of an empathetic community of
people with the same health issues. They stated that being part
of the EDS community improves their mental health:
It’s been helpful to be able to talk to other people that
have it, too, because they go through what you go
through, as opposed to like a medical professional
that doesn’t go through it and they’re trying to help
you. [HE-CA]
I was like I’m normal within my subset of people, I’m
the majority here, so that was kind of cracking me up
because you’ve been the outcast or that you were the
outlier, I guess your whole life. [SA-CA]

Changes in Health Management as a Result of
Participating in Online Support Groups
Approximately all participants (29/30, 97%) reported that their
health care management changed as a result of participating in
online peer support groups. They agreed that they learned more
about their condition and how to handle it after using online
support groups. Being part of a group made them feel less alone,
reduced their stress, and eventually helped with their pain
reduction:
You know they’re a blessing and a curse I think
they’re invasive at times and they’re a little
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demanding but they’re also incredibly helpful I don’t
think I would have gotten as far along on my own
journey with figuring out what was going on with me,
it’s definitely helped me to take better care of myself
really. [CH-NA]
It makes me feel less alone, especially you know,
being in you understand, you’re in your 30s and
you’re dealing with all this chronic pain. These
groups have also made me feel valid. [HE-CA]
They help me remember that I am not a normal
person. I cannot do some of the things that other
people do, and I do have limits and those are good
reminders of that. That oh yeah, I do have limits and
oh yeah I shouldn’t feel bad that I could not eat pizza
with all that cheese and gluten and you know, there
is a reason why I am choosing to eat the way I eat,
and exercise the way I exercise. [KA-CA]
They described that their participation in online peer support
groups helped them to be more vocal about their needs and start
taking better care of themselves:
If I didn’t have the support group I wouldn’t be
managing my health, the way that I am. [JU-KE]
I’m a lot more proactive I know a lot more. I learned
so much. [LO-UK]
I’ve learned to be much more advocate for myself
because before you know I found out about it, that I
had a rare disorder, it was just you have pain, you
know you have to kind of deal with it. [PA-MI]

Discussion
Principal Findings
Overall, this qualitative study provides strong insights from
patients with genetic disorders into the challenges of receiving
quality care from health care providers, managing their health
condition, and finding pain mitigation techniques.
To the best of our knowledge, this study is among the first to
explore the challenges faced by patients with genetic disorders
with health care systems and their efforts to find solutions and
treatments from the internet via online support groups. The
results demonstrate that most patients with genetic disorders
are disappointed with the help they receive from their health
care providers and actively looking for solutions through
different academic and web-based resources. Among all
resources, most participants agree that online peer support
groups have changed the way they were managing their health
previously and helped with care management improvement.
The findings from this study can be used to inform future studies
on the development of new or improved online support groups.
In addition, the findings can be used to reduce the gap of
information between patients and health care providers.

Comparison With Previous Studies
This study distinguished the utility of traditional
physician-patient relationships versus online support groups in
obtaining helpful information for the management of EDS
symptoms. The focus of this study was to explore the
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relationship between people and the medical community when
the medical community has limited knowledge of a person’s
disease. We focused on EDS as a representative of the large
community of people with genetic disorders and other rare
diseases.
All participants (30/30, 100%) reported experiencing consistent
pain, which had major impact on their daily life. Interacting
with members of the medical community—general physicians,
specialists, chiropractors, and physical therapists—left the study
participants dissatisfied with the information they were
receiving. From inaccurate diagnoses to lack of knowledge
about EDS to recommending treatments that would only worsen
the symptoms, trust in health care providers was generally
lacking. Owing to frustration, these participants turned to
alternative sources of information that they were able to find in
online support groups. They found these groups to be helpful
places for finding information to manage their conditions. Our
findings from this study appear to be consistent with those of
previous studies regarding the positive effects of support groups
in pain education and the increase in the patient’s knowledge
about their disease [21-24].
Primarily, study participants were looking for information in 4
categories. First, they wanted to know more about their disease
and were interested in any new study that was available in
medical journals and publications. Second, they were interested
in referrals for effective care providers and products such as
braces or topical creams. Third, participants were seeking advice
for dealing with everyday challenges such as driving or sleeping
comfortably. Finally, participants were looking for emotional
support from other people with EDS. Previous studies have
demonstrated that patients use support groups to write about
their pain and express their feelings. Researchers have found
that patients were learning about pain management techniques
and reducing their dependence on pharmaceutical pain
management tools such as opioids [25-27].
All study participants (30/30, 100%) were very actively engaged
in managing their health, and most of them (28/30, 93%) had
found that the way they managed their health had been positively
affected by participating in online support groups. Participants
cited emotional support in using a mobility device, discovery
of new bracing techniques, learning self-advocacy in relation
to care providers, and generally improved self-reliance as some
of the ways online support groups helped them to manage their
health.
Study participants mainly resided in the United States, but were
also residents of Italy, Canada, Sweden, the United Kingdom,
Australia, and the Netherlands. Participants in the United States
were slightly more likely to have a positive experience within
the health care system, but attitudes toward caregivers and online
support groups were similar and independent of country.
Although overall opinions of online support groups were
positive, most study participants (24/30, 80%) had significant
reservations about them. A common experience was the
ineffective ways in which information was presented. Many
participants (23/30, 77%) expressed dismay at the amount of
information they would have to screen to find the specific
information they were looking for. Most participants (25/30,
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83%) expressed concern about the veracity of the information
they were finding and the lack of citation of a trustworthy
source. Many participants (20/30, 67%) found the tone of the
support groups to be negative, either owing to self-pity or
unwarranted criticism of other group members. Most participants
(15/30, 50%) also expressed concern about security and privacy
and often preferred to be anonymous. Our findings from this
study are compatible with those of previous studies regarding
patients’ lack of privacy and the need for better information
dissemination formats [28,29]. Several other studies have
focused on the design and technical aspects of online support
groups. They stated that web-based platforms should be more
user-friendly and help patients to navigate and access
information easily [30,31].
Most study participants indicated that health care professionals
did not assist them with or direct them toward the online support
groups they ended up using. Health care providers were not
aware of the benefits of the information available on these sites.
Providers were also not aware of the vast amounts of clinical
information that users were compiling on online support groups
that would be useful in studying EDS. Given that the economic
burden of 379 rare diseases in the United States in 2019 was
estimated to be approximately US $1 trillion, health care
providers can help to reduce these high medical and nonmedical
expenditures by referring patients to online support groups [32].
On the basis of the Centers for Disease Prevention and Control,
the total costs of top three chronic diseases such as diabetes
[33] (US $327 billion in 2017), cancer [34] (US $157 billion in
2020), and heart disease and stroke [35] (US $214 billion in
2018) are far less than the costs of rare diseases.
Future investigations into online support groups will focus on
the ways these sites can be structured to directly meet the needs
of patients who are chronically ill.

Limitations
A key limitation of the study was the small sample size and
self-selection of participants through one website (The
Ehlers-Danlos Syndrome Society). Most participants were
women (28/30, 93%), and most were White (28/30, 93%). All
the participants (30/30, 100%) were English speakers. In
addition, we focused only on one rare disease. A study that
includes a broad sample of rare diseases using multiple survey
instruments across time can provide valuable insights regarding
the role of online support groups in the management of rare
diseases. Our findings demonstrated the potential value of online
support groups in helping patients in managing their health
conditions. Further studies may focus on the existing features
of current support groups’ platforms, missing features, and how
developers, with the help of health care providers, can improve
their platforms to reduce the spread of misinformation and
increase the credibility of contents.

Conclusions
Professionals providing care to patients with EDS and other
patients with long-term debilitating conditions should consider
online support groups as a source of information for assisting
their patients with their conditions. By participating in the same
sites as their patients, professionals will be able to provide
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context to the information being posted, and they will add some
trustworthiness to the content. These professionals will also

Ashtari & Taylor
gain insight into the needs of their patients that are not being
met in the clinical environment.
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Abstract
Background: In recent years, an increasing number of users have joined online health communities (OHCs) to obtain information
and seek support. Patients often look for information and suggestions to support their health care decision-making. It is important
to understand patient decision-making processes and identify the influences that patients receive from OHCs.
Objective: We aimed to identify the posts in discussion threads that have influence on users who seek help in their
decision-making.
Methods: We proposed a definition of influence relationship of posts in discussion threads. We then developed a framework
and a deep learning model for identifying influence relationships. We leveraged the state-of-the-art text relevance measurement
methods to generate sparse feature vectors to present text relevance. We modeled the probability of question and action presence
in a post as dense features. We then used deep learning techniques to combine the sparse and dense features to learn the influence
relationships.
Results: We evaluated the proposed techniques on discussion threads from a popular cancer survivor OHC. The empirical
evaluation demonstrated the effectiveness of our approach.
Conclusions: It is feasible to identify influence relationships in OHCs. Using the proposed techniques, a significant number of
discussions on an OHC were identified to have had influence. Such discussions are more likely to affect user decision-making
processes and engage users’ participation in OHCs. Studies on those discussions can help improve information quality, user
engagement, and user experience.
(J Med Internet Res 2022;24(8):e30634) doi:10.2196/30634
KEYWORDS
influence relationship; decision-making threads; online health communities; patient engagement; deep learning; text relevance
measurement

Introduction
Background
In recent years, online health communities (OHCs) such as the
Cancer Survivors Network (CSN), MedHelp, DoctorLounge,
WebMD, and Health-boards message boards have become one
of the most important resources that patients leverage [1]. An
OHC is defined as an asynchronous web-based message board
system for patients that contains multiple message boards, each
https://www.jmir.org/2022/8/e30634
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of which typically focuses on 1 disease. OHCs provide a
web-based channel that enables information exchange, facilitates
communication, and provides support to patients and caregivers
[2-4]. They are especially valuable for patients with chronic
diseases to learn about their conditions and seek social support
[5,6].
Empowering and supporting patients to make informed health
care decisions is a key component of patient-centered health
care and is a social, economic, and technical necessity [7,8]. A
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lot of patients seek information and advice on OHCs. Existing
work has found that nearly half of the threads in a breast cancer
forum [9] are related to patient decision-making [1]. Studies
have also shown that patients are often influenced by web-based
sources and social media in their health care decision-making
[10,11].

Objectives
The goal of this study was to identify the influence relationship
of posts in discussion threads related to health care
decision-making. Specifically, we defined the influence
relationships and identified post replies that influenced the initial
author, who had questions posted on OHCs.
The outcomes of this study are important for health care
professionals to help patients make informed decisions for
several reasons. First, analyzing the writing style and pattern
of posts that have influence may help explain why they have
influence and provide insights to health care professionals on
effective communication with patients. Second, if the
information provided by posts that have an influence is not
accurate, it will mislead patients. It is important to check the
information quality in such posts to improve the quality of
influence. Furthermore, a patient who has questions but does
not receive any replies that have an influence may need further
help.

Literature Review
There is a lot of research conducted on OHC analysis, although
with limited study on identifying influence relationships of
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posts. Several studies have been conducted on analyzing the
reciprocal patterns between users’ replies in discussion forums
[12-14]. There is also work on analyzing the patterns between
post views and post replies [15]. Many studies have been
conducted on identifying influential users in a community
[16-20]. In those applications, a post, blog, or tweet typically
expresses an opinion of the author, and the replies are considered
as an indication of being influenced by the opinion of the
original post. That is, the reply relationship is considered as an
influence relationship. The focus is on judging the influential
power of an author based on activeness of post writing [21] and
social network features [17,18] such as PageRank-like
algorithms or clustering algorithms.
Finding influence relationships among posts in discussion
forums is different from finding influential users and requires
different techniques. In an OHC, the initial author of a thread
typically expresses a question, not an opinion. The influence
happens when a reply to the question affects the initial author.
There are only 2 existing studies that consider the influence of
the replier on the initial author [21,22]. This influence is
identified when the sentiment of the initial author is changed
to be similar to that of the replier. However, this definition may
not be accurate.
Let us look at an example of a discussion thread related to
patient decision-making, shown in Figure 1. An OHC user
initialized a thread asking for advice on whether to have
chemotherapy before surgery for her mother’s treatment plan
in post pA.

Figure 1. Example of a discussion thread.
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In Figure 1A, a user replied by comforting her in post pB1. The
reply was not informative. Even though the initial author
expressed gratefulness to the author of post pB1, with sentiment
changing to be positive in post pC1, she was not influenced by
post pB1. Indeed, studies show that 75% to 85% of CSN forum
participants change their sentiment in a positive direction
through web-based interactions with other community members
[23]. A change in sentiment is not necessarily an indicator of
being influenced.

This study makes novel contributions to identifying influence
relationships in discussion threads in OHCs related to patient
decision-making. Specifically, (1) we defined the influence
relationship between the posts based on the semantics of the
post content, (2) an extensible deep learning model that extracts
and combines both sparse and dense features was proposed to
identify the influence relationships in OHC decision-making
threads, and (3) the proposed model achieved good performance
in identifying influence relationships in empirical evaluation.

In contrast, in Figure 1B, a user shared her experience in a
similar situation suggesting to have chemotherapy before a
surgery in post pB2. The initial author expressed her gratitude
and indicated that she would consider this suggestion in
determining her mother’s treatment plan (the sentences in italics)
in pC2, showing her being influenced.

Methods

Contribution
Instead of considering sentiment changes, we propose using
questions or future actions on relevant replies as an indicator
of being influenced, as illustrated in the aforementioned
example. There are 2 major challenges in identifying influence
relationships. First, we need to define influence relationships
of posts. We examined the semantics of post content to define
influence relationships. Unlike influential users, who are defined
by network features in the existing work [16-20], text content
is the key to determine whether posts have influence. Second,
it is hard to identify influence relationships. Unlike typical text
classification problems, influence relationships involve multiple
posts with reply relationships rather than a single paragraph of
text. In addition, influence is an abstract concept. It is
challenging to extract relevant features to capture the influence
patterns considering both content and the reply relationship.

In this section, we first model the OHC data and define the
influence relationship in discussion threads. We then propose
a deep learning–based model to identify the influence
relationships.

Problem Definition
Definition of Discussion Threads
Figure 2 presents an overview of the OHC data structure. We
modeled an OHC as a set of discussion threads T = {t1, t2,...,
tn}. Each thread ti is composed of a set of posts and a function
R that represents the reply relationship. For example, Figure 2
illustrates a thread that contains a set of 5 posts {pA, pB, pC, pB’,
pC’}. One of the reply relationships, R(pB) = pA, represents that
post pB replies to post pA. Each post pi consists of a sequence
of sentences pi = {s1, s2,..., sl}. Each post has an author. We
denoted the author relationship using a function U. U(pi)
represents the author of post pi. Note that a post only has a single
author; however, an author may write ≥0 posts in a thread. We
used pA to present the first post of a thread and named it the
initial post. The author of the initial post, U(pA), is referred to
as the initial author of the thread.

Figure 2. Data structure of an online health community.

Existing work [1] has studied the thread discussions in OHCs
and identified that a subset of threads is related to patient
decision-making. Such a thread is characterized by questions
in the initial post and replies with suggestions of options.
Techniques have been developed to identify decision-making
threads in OHCs.

of this paper, we use threads to refer to decision-making threads
for simplicity. The defined influence relationship may not be
applicable to discussion threads that are not related to
decision-making, such as discussion threads for casual
communication or experience-sharing threads providing social
support.

In this paper, we study how to identify the cases where the initial
author of a decision-making thread is influenced by a reply post.
Note that our study is general to any thread discussions related
to decision-making. The definition and identification of
decision-making threads can be handled using the approach
developed in existing work [1] or other approaches. In the rest

Definition of Relationships
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Overview
Before introducing the definition of influence relationships, we
first introduce relationships. A relationship is defined on a triple
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of posts in a thread with reply relationships: an initial post, a
reply to the initial post, and the initial author’s subsequent reply.

thinking about the suggestion given in post pB; that is, being
influenced.

Definition 1 (Relationship)
We define the relationship among three posts pA, pB, and pC, in
a thread as ri = (pA, pB, and pC), where post pA is the initial post
of the thread, post pB replies to pA, post pC replies to pB, and the
authors of pA and pC are the same person. That is, R(pB) = pA,
R(pC) = pB, and U(pA) = U(pC).

The second indication that the initial author was influenced by
a post pB is that she expressed her intention to take action in
post pC. Adjei et al [27] found that member-to-member
communication in web-based brand communities greatly
influenced the members’ future purchase behavior. Similarly,
the communication through discussion threads in OHCs may
also affect the initial author’s future actions. Let us look at the
example in Figure 1B again. For the treatment question asked
in pA, a forum user shared her experience and discussed the
treatment in post pB2. The initial author then replied with a
planned action (the sentence in italics) in pC2. The intention of
future action based on the communications in the thread is an
indicator of the influence relationship.

We used ri = (pA, pB, pC) to denote the relationship among pA,
pB, and pC. Note that there are many such relationships in a
thread, and we considered all such triples. For instance, Figure
2 shows a thread with 2 relationships, r1 = (pA, pB, pC) and r2 =
(pA, pB’, pC’).
Also, note that existing work on identifying influential users
[16-20] does not consider the relationships among post triples
but only considers the reply relationship between 2 posts.

Definition of Influence Relationships
Intuition
Now, we discuss how to define influence relationships on
relationship (pA, pB, pC), where post pB has an influence on the
initial author U(pA).
First, intuitively, if post pB influences the initial author U(pA),
then the content of these 3 posts must be relevant.
Second, we referred to the definition of influence in
Merriam-Webster [24]—“to affect or alter by indirect or
intangible means”—and the reaction of being influenced is to
sway rather than being convinced. If the initial author considers
the suggestion given in post pB, even if she eventually does not
take the suggestion, she is considered to have been influenced
by post pB. On the basis of this definition, we observed 2
indications that the initial author, U(pA), was influenced by pB.
An observation of being influenced is that the initial author may
ask questions in pC based on the suggestions in pB. Curiosity is
a motivator for learning and influential in decision-making [25].
An existing study [26] used a statistically large sample of
learning forum posts to investigate whether student participation
in the forum could be influenced. They observed that students
who were influenced by others’ interesting answers were more
likely to ask follow-up questions. This indicates that asking
further questions is a sign of being influenced. The same pattern
also exists in OHCs. Let us look at the example in Figure 1C.
The initial author expressed concerns about hair loss in pA.
Another user replied in post pB3 suggesting the use of wigs. The
initial author then replied in post pC3 with questions (the
sentences in italics) for more details about the suggestion given
in post pB3. These questions indicate that the initial author was
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On the basis of these observations, we define influence
relationships in decision-making threads in the following
section.
Definition 2 (Influence Relationship)
A relationship ri = (pA, pB, pC) is considered as an influence
relationship—that is, U(pA) is influenced by pB—if and only if
the following conditions are met: (1) the content of pB is relevant
to post pA, (2) the content of pC is relevant to post pB, and (3)
pC contains questions or indicates future actions.
To identify influence relationships, we modeled it as a
classification task. Given a set of relationships R = {r1, r2,...,
rn}, for each relationship ri, we predicted its label to be either
1 or −1, where label 1 indicated that ri was an influence
relationship and label –1 indicated that ri was not an influence
relationship. The goal was to learn a model from the labels of
known relationships and predict the labels for unlabeled
relationships.

Model Design
Overview
In this section, we present the method to identify the influence
relationships in decision-making threads in OHCs. Figure 3
presents the framework of the proposed method.
Given a set of discussion threads as the input, we first extracted
the triple relationships using the relationship extraction module.
Text relevance features, question probability features, and action
probability features were then calculated using the text relevance
measurement module, the question probability calculation
module, and the action probability calculation module,
respectively. Finally, all the features were combined using a
deep learning model in the feature combination module to
generate the probability of a relationship being an influence
relationship.
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Figure 3. Workflow of influence relationship identification.

Relationship Extraction Module
In this section, we introduce the relationship extraction module,
which extracted all relationships defined in definition 1.
In the first step of relationship extraction, we built the reply tree
structure based on the indented format in html files. For each
adjacent post pair, the post that was posted earlier was treated
as the parent of the latter post. The ancestor-descent distance
between a post and the initial post was represented by the
number of tab characters. The reply structure of a thread is
illustrated in Figure 2. Each post is a node in the thread tree,
and each edge represents a reply relationship. The root of the
thread tree is the initial post (ie, pA) in definition 1.
Existing work observes that, in some forums, the reply structure
in a discussion thread may not be fully available and proposes
techniques to construct full reply structures [28]. The OHCs
used in our experiments had a full reply structure. Existing
techniques can be leveraged if needed for other forums.
We then navigated the thread tree to extract all relationship
triples, as defined in definition 1. Each triple started with the
initial post followed by a reply to the initial post written by
another author and then a subsequent reply by the initial author,
all of which were on the same path in the thread tree. For
example, r1 = (pA, pB, pC) and r2 = (pA, pB’, pC’) are 2
relationships in the thread tree in Figure 2.

Text Relevance Measurement Module
The text relevance measurement module measures the content
relevance, or text semantic similarity, of 2 posts using a
relevance score between 0 and 1.
There are mainly 2 types of deep learning–based methods in
the literature that measure text relevance. The first type of
method extracts content feature vectors of 2 input texts and then
combines them to make a prediction, such as the Deep
Structured Semantic Models (DSSM) [29], the Convolutional
DSSM [30], and Architecture-I (ARC-I) [31]. The intuition of
this method is to highlight the important information of the
original texts so that irrelevant content can be removed before
the feature combination phase. However, the drawback of this
type of method is that it runs the risk of losing detail [32].
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The second type generates the word-level relevance first and
then uses neural networks to learn the hierarchical interaction
patterns for content-level relevance, such as DeepMatch [33],
Architecture-II (ARC-II) [31], and MatchPyramid [34]. The
motivation is that making a good relevance judgment requires
considering the interactions in the text relevance measurement
process, starting from the interactions between words to patterns
in phrases and those in whole sentences [34]. However, the
training process for the second type is much more expensive
than for the first one.
We evaluated both approaches to measure text relevance in
experiments. We chose 2 state-of-the-art representative methods
for the text relevance measurement module in the evaluation.
For the first type, we chose ARC-I [31], which uses a multilayer
perceptron to combine relevance feature vectors. It shows better
performance than the DSSM [29] and Convolutional DSSM
[30], both of which use cosine similarity [34]. We chose
MatchPyramid [34] to represent the second type of method as
it exhibits better performance than the other 2 methods
(DeepMatch [33] and ARC-II [31]) in experiments on multiple
data sets [34].
We further proposed the adaptation of Bidirectional Encoder
Representations from Transformers (BERT) [35] as the
embedding layer in the ARC-I and MatchPyramid models.
BERT is a state-of-the-art embedding method for word
representation in many natural language understanding tasks,
trained on BookCorpus and English Wikipedia. We considered
both BERT (trained on Wikipedia) and word2vec (trained on
the training data set) as the embedding methods for both ARC-I
and MatchPyramid. Different variations of the text relevance
measurement module are evaluated in the Text Relevance
Evaluation section.

Question Probability Calculation Module
We now discuss how to calculate the probability of a post
containing a question using the question probability calculation
module.
There are 2 types of methods to identify question sentences in
forums: a rule-based approach and a learning-based approach.
In a rule-based approach, question marks and 5W1H words
(what, who, when, where, why, and how) are used to identify
question sentences [36]. A learning-based approach uses
sequential question patterns to train a binary classifier on labeled
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data [37-40]. Liu and Jansen [37] used the question mark to
extract question posts from Sina Weibo. In the studies by
Ranganath et al [38,39], frameworks were proposed to identify
rhetorical questions by modeling the motivation of the user for
posting them. In the study by Ojokoh et al [40], questions from
ResearchGate were identified based on the maximum probability
value of a naïve Bayes classification with part-of-speech tag
features.
Both rule-based and learning-based approaches can achieve
excellent performances. A study shows that a rule-based
approach can outperform complicated learning-based approaches
[36]. Thus, we followed a rule-based method [36] to identify
question presence in the posts. In total, 2 types of rules were
considered: question marks and 5W1H words. We made
adaptations of this approach for OHCs. As a question mark is
the most significant sign of a question, we gave a higher
confidence score to a sentence with a question mark. We also
set some constraints on 5W1H words to simulate the pattern of
question sentences. First, 5W1H must appear at the beginning
of a sentence. Second, auxiliary words were added to the original
words for more specific patterns. For example, we considered
what is, what are, what does, and what do instead of what.
After the question probability of each sentence in a post pi was
calculated, the maximum probability was used as the likelihood
of post pi containing at least one question, denoted as Q(pi).

Action Probability Calculation Module
This section presents the action probability calculation module,
which generated the probability of action presence in a post.
The indication of a future action can be captured by the presence
of verbs and appropriate sentence tense. The Natural Language
Toolkit (NLTK) [41] tagger module defines a standard interface
for augmenting each token of a text with supplementary
information, such as its part of speech or its WordNet synset
tag, and provides several different implementations for this
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interface. We leveraged the NLTK tagger module to assess the
likelihood of a post containing future actions by checking the
existence of words with a future tense verb tag (eg, will consider
in Figure 1B) or a modal auxiliaries tag (eg, can, could, may,
and must). To count on the cases where future tenses may not
be identified because of forum users’ typos or informal writing,
we set the probability of future action to be 0.5 when the rules
failed to identify future actions. Equation 1 shows the calculation
formula to generate the action probability of a post pi.

Note that we did not consider negation in the action probability
calculation module. For example, in post pC, the initial author
disagrees with the suggestions proposed in pB and decides to
do something different. For those cases, the overall meaning of
pB and pC would be the opposite and, therefore, would be
captured by the relevance vectors generated in the text relevance
measurement module. Thus, we did not consider negations in
this phase to avoid double counting.

Feature Combination Module
Overview
Referring to Figure 4, the text relevance measurement module
calculated PAB—the relevance score between pA and pB—and
PBC—the relevance score between pB and pC. The question
probability calculation module and action probability calculation
module calculated the question probability Q(pC)—or Q in
short—and action probability A(pC)—or A in short—based on
the text of pC.
We now discuss the feature combination module that measures
the influence score based on these features. We discuss 2
alternative methods: a baseline approach and a deep learning
model.

Figure 4. Architecture of the feature combination module.
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Baseline Approach
Recall that, according to definition 2, the presence of an
influence relationship requires the relevance between post pA
and post pB, the relevance between post pB and post pC, and the
presence of a question or action in post pC. We started with an
intuitive method to detect influence relationships based on the
definition using Equation 2.
Pbaseline = PAB × PBC × max [Q(pC), A(pC)] (2)
We set the thresholds to 0.5, 0.5, and 0.9 for each component.
Deep Learning Approach
We further proposed a deep learning model that combines the
text relevance, the likelihood of question presence, and the
likelihood of future action presence to identify influence
relationships. The architecture of this model is shown in Figure
4.
Compared with the baseline approach, there are 3 major benefits
of using a deep learning model. First, it is labor-intensive,
time-consuming, and difficult to determine appropriate
thresholds for cutting off the probabilities using a rule-based
approach such as the baseline approach. A threshold that works
well for one data set may not be optimal for another. Both a
rule-based approach and a deep learning model require different
thresholds for different data sets. A rule-based approach requires
manual parameter tuning for each data set. In contrast, a deep
learning approach learns thresholds from the ground truth and,
thus, can easily adapt to a new data set with minimal human
intervention [42]. Second, the question and action features may
have different interactions with the relevance features. We
observed that questions are often relevant, but actions are not
necessarily. People typically express appreciation in post pC or
sometimes even mention actions totally irrelevant to post pB,
such as the plan to travel or shop. Being relevant is more
important to consider in the presence of actions compared with
in the presence of questions. However, in the baseline approach,
the question and action features are merged before being
combined with the relevance features, resulting in the loss of
important information. Furthermore, we used relevance vectors
as inputs to the deep learning model to calculate the influence
score. Compared with the baseline approach, which uses the
relevance scores as input to measure the influence score,
relevance vectors provide much richer information. This can
be especially helpful when there are several topics involved in
the discussion. The relevance information is also leveraged
during the phase of combining the relevance features with the
question or action features.
Let VAB denote the relevance vector between pA and pB and VBC
denote the relevance vector between pB and pC. We generated
VAB,VBC from pA, pB, and pC and calculated Q and A from pC.
These features were then connected. The question or future
action in pC must be related to the content of pA and pB. Thus,
we combined VAB and VBC with Q and A using one of the
following two operators: (1) cat (concatenating each relevance
vector with question or action probability) and (2) dot
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(multiplying each relevance vector with question or action
probability).
There are 2 major differences between these 2 operators for
connecting the features: cat and dot. First, dot makes sure that
Q and A affect each dimension in the relevance vectors, whereas
cat cannot guarantee this as some neurons or nodes are dropped
out. Some interactions between questions or actions and text
relevance may be ignored by the cat operator. Second, the
training process of the cat is more expensive than that of the
dot because, for each dense layer 1 to 4, there is an additional
dimension for the cat compared with for the dot.
In Figure 4, we use ⊗ to present the combination operator, which
can be either cat or dot. The combination step produces 4 feature
vectors: VAB ⊗ Q, VAB ⊗ A, VBC ⊗ Q, and VBC ⊗ A. To extract
the key information from these combined feature vectors, 4
dense (fully connected) layers were used to populate the
summarized feature vectors (S1, S2, S3, S4). The concatenation
of these 4 summarized feature vectors was passed through 2
dense layers. The first one was used to further combine the
summarized feature vectors. The second one aimed to generate
the probability distribution over the labels. To avoid gradient
vanishing and exploding [43], we chose the Relu function as
the activation function for all the dense layers except the output
layer, which uses the softmax function to populate the
probabilities.
We trained the model using the binary cross-entropy loss
function defined in Equation 3, which minimizes the distance
between the probability distributions of the ground truth and
those of the predicted score.

Where yi is the ground truth label of the ith training sample and
si is the score predicted by the model. The Adam optimizer [43]
was leveraged for optimization because of its advantage of
processing sparse features and obtaining faster convergence
compared with the normal stochastic gradient descent with
momentum.

Ethics Approval
All materials were obtained from anonymous open-source data.
Thus, ethics approval was not required.

Results
Experiment Setting and Evaluation Metrics
We implemented a prototype system for influence relationship
identification on discussion threads. The prototype system and
data sets used in the evaluation are publicly available at GitHub
[44].
For empirical evaluation, we collected 25,208 threads that were
publicly available in the CSN breast cancer forum [9]. The
webpages were collected and processed by a web crawler we
developed leveraging the Spider Crawler library [45]. There
were 321,000 posts with 1.9 million sentences in total. We
applied the classifier proposed by Li et al [1] on all 25,208
threads to identify the ones that were related to patient
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decision-making and obtained 11,815 (46.87%) such threads.
Note that other models for classifying decision-making threads
can also be plugged in.
We then extracted relationships from the decision-making
threads using the relationship extraction module and obtained
9053 relationships. We randomly picked 853 (9.42%) of them
to label. A total of 4 PhD students worked on the manual
labeling. All the relationship triples and post pairs were first
independently labeled. In case of disagreement, a consensus
was reached after discussion. A total of 261 relationships were
labeled as influence relationships. Recall that, per definition 1,
each relationship is presented as a triple (pA, pB, pC). We also
labeled whether posts pA and pB were relevant (ie, PAB) and
whether posts pB and pC were relevant (ie, PBC). We observed
some reply posts with content expressing only comfort or
wishes. Although they express care about the initial author’s
conditions and seem relevant, they are generic. After discussion,
we reached an agreement that, when the initial post and reply
post shared similar medical terms (such as chemotherapy and
chemo), we would label them as relevant. All 1706 post pairs
(pA, pB) and (pB, pC) of the 853 relationships were labeled. Of
the 1706 pairs, 1210 (70.93%) were relevant pairs, and the
remaining 496 (29.07%) were irrelevant. We split the set of
relationships into a training set (90%) and a testing set (10%).
The post pairs in the aforementioned training and test sets were
used for text relevance training and testing, respectively.
The metrics used for evaluation included precision, recall, F1
score, accuracy, area under the receiver operating characteristic
curve (ROC AUC), and area under the precision-recall curve
(PR AUC). They evaluated the effectiveness of a system using

different aspects: (1) precision, also known as positive predictive
value, is the fraction of relevant instances among the retrieved
instances; (2) recall, also known as sensitivity, is the fraction
of relevant instances that are retrieved among all relevant
instances; (3) F1 score measures a model’s performance by
calculating the harmonic mean of the precision and recall, as
shown in the following equation:
(4); (4) accuracy is a
common evaluation metric for binary classification problems
and is defined as the fraction of corrected predictions among
the total number of predictions; (5) ROC AUC is a common
evaluation metric for binary classification problems and is
created by plotting the true positive rate against the false positive
rate at various threshold settings; and (6) PR AUC is commonly
used to evaluate the performance of a model on data sets with
imbalanced labels.

Text Relevance Evaluation
Table 1 presents the classification results of the text relevance
measurement module. In total, 2 observations were made. The
first observation was that the models using BERT achieved high
recall but low precision, whereas the models with
word-embedding vectors trained on OHC data obtained balanced
precision and recall values. There are 2 reasons for these results.
First, OHC data are domain-sensitive and can benefit from
domain-specific word representation. Second, the BERT
transformer tends to link words in adjacent sentences by mistake.
In the text relevance measurement module, precision was more
important than recall as the accuracy of influence relationship
identification depended on the precision of relevance
classification. Thus, we used the word vectors trained on OHC
data instead of BERT in the following experiments.

Table 1. Text relevance measurement module results.
Precision

Recall

F1

Accuracy

ROC AUCa

PR AUCb

MatchPyramid with BERTc (trained on Wikipedia)

0.578

0.992 d

0.730

0.512

0.502

0.583

MatchPyramid with word2vec (trained on the training data set)

0.781

0.820d

0.806

0.692

0.763

0.854

ARC-Ie with BERT (trained on Wikipedia)

0.523

0.890d

0.659

0.503

0.493

0.554

0.832

d

0.785

0.784

0.848

0.903

ARC-I with word2vec (trained on the training data set)
a

0.747

ROC AUC: area under the receiver operating characteristic curve.

b

PR AUC: area under the precision-recall curve.

c

BERT: Bidirectional Encoder Representations from Transformers.

d

The P value is statistically significant at P=.05.

e

ARC-I: Architecture-I.

The second observation was that, with word vector embedding,
ARC-I achieved a better performance than MatchPyramid in
most of the evaluation metrics. In the ARC-I model, each input
text goes through an embedding layer, a convolution layer, and
a max pooling layer, and the extracted feature vectors are then
concatenated together as the input to a fully connected layer
that calculates the predicted relevance scores. MatchPyramid
populates the local word relevance matrix first. Each cell of the
matrix presents the dot product of the word-embedding vectors
of the words in the text input. The patterns of these interactions
are then extracted using a convolutional neural network [46].
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Thus, ARC-I focuses on checking relevance based on the
meaning of the whole text, whereas MatchPyramid focuses on
summarizing the important relevance features based on local
word similarity. For OHC data sets, posts were relatively long
and often contained noisy information; thus, considering the
meaning of the entire post text was more important than focusing
on adjacent words. This is why the performance of ARC-I was
better than that of MatchPyramid in our evaluation. We also
observed that ARC-I with word2vec outperformed
MatchPyramidwith word2vec in both ROC AUC and PR AUC
but had an inferior F1 score. Note that F1 averages the
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performance of all the samples by combining the precision and
recall, whereas the ROC AUC and PR AUC cumulate the
precisions among all samples with different recall thresholds.
This indicates that the average performance of
MatchPyramidwith word2vec was better, but the overall
performance of ARC-Iwith word2vec was better.

not have action intent: I will tell you though I hated my silicone
or I would worry about it. These sentences have verbs in the
future tense, but those verbs only convey opinions or feelings
rather than taking action on health care. We plan to improve
action detection by training action sentence models as future
work.

Question and Action Probability Evaluation

Recall that in the deep learning approach, question and action
probabilities are considered as input features instead of imposing
a strict requirement on their presence. We conducted an analysis
on the test data in terms of their presence. All positive cases
either had a probability of action presence of 1.0 or had a high
probability of question presence, with an average probability
of 0.986 (SD 0.033). This indicates that the deep learning
approach captures definition 2 well, ensuring the high likelihood
that either a question or a future action is present.

Now, we present the evaluation of the question probability
calculation module and the action probability calculation
module. The performance is shown in Table 2. Good
performance was achieved for question identification. For future
action identification, a high score was achieved on recall but
not on precision. The following are a few examples of posts
that are classified as containing future actions but actually do
Table 2. Question and action calculation module results.

a

Precision

Recall

F1

Accuracy

ROC AUCa

PR AUCb

Question probability calculation module

1.000

1.000 c

1.000

1.000

1.000

1.000

Action probability calculation module

0.771

1.000 c

0.871

0.810

0.733

0.771

ROC AUC: area under the receiver operating characteristic curve.

b

PR AUC: area under the precision-recall curve.

c

The P value is statistically significant at P=.05.

Influence Relationship Classification Evaluation
Table 3 shows the performance of the baseline and deep
learning approaches with alternative ways to combine text
relevance vectors, question features, and action features. Recall
that, for the feature combination module, baseline combines
the text relevance score, the likelihood of question presence,
and the likelihood of future action presence to identify influence

relationships. MatchPyramid+cat Q/A represents the model
using MatchPyramid to calculate the text relevance score and
cat as the combination operator ⊗, whereas MatchPyramid+dot
Q/A uses dot as the combination operator ⊗. ARC-I+cat Q/A
represents the model using ARC-I to calculate the relevance
score and cat as the combination operator ⊗, whereas
ARC-I+dot Q/A uses dot as the combination operator ⊗.

Table 3. Influence relationship classification results.

a

Precision

Recall

F1

Accuracy

ROC AUCa

PR AUCb

Baseline

0.300

0.231c

0.261

0.595

0.495

0.307

MatchPyramid+cat Q/Ad

0.667

0.154c

0.25

0.714

0.560

0.442

MatchPyramid+dot Q/Ae

0.633

0.577 c

0.603

0.667

0.634

0.481

ARC-I+cat Q/Af

0.667

0.154c

0.25

0.714

0.637

0.515

ARC-I+dot Q/Ag

0.750

0.462c

0.571

0.786

0.724

0.631

ROC AUC: area under the receiver operating characteristic curve.

b

PR AUC: area under the precision-recall curve.

c

The P value is statistically significant at P=.05.

d

MatchPyramid+cat Q/A: model using MatchPyramid to calculate the text relevance score and cat as the combination operator ⊗.

e

MatchPyramid+dot Q/A: model using MatchPyramid to calculate the text relevance score and dot as the combination operator ⊗.

f

ARC-I+cat Q/A: model using Architecture-I to calculate the relevance score and cat as the combination operator ⊗.

g

ARC-I+dot Q/A: model using Architecture-I to calculate the relevance score and dot as the combination operator ⊗.

We also visualized the operating characteristic curves of all
methods, as shown in Figure 5. From Table 3 and Figure 5, we
have the following observations.
First, all proposed deep learning methods, which use relevance
features and consider the interaction between relevance and the
https://www.jmir.org/2022/8/e30634
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presence of questions or actions, significantly outperformed the
baseline approach. This indicates that the relevance feature
vectors generated by the text relevance measurement module
were effective in capturing relevant content. Combining these
feature vectors with the features of question presence and action
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
presence helped capture their interactions and achieved good
performance in influence relationship classification. In contrast,
the baseline approach, which directly follows definition 2, did
not perform well. This was due to the inability to capture the
interactions between text relevance and question or action
presence and the challenge of manually setting an appropriate
cutoff threshold for each module.
Second, the models using the dot operator performed better than
those using the cat operator. There are mainly 2 reasons for this.
First, question probability and action probability may interact
with VAB and VBC relevance vectors, which can be captured well
by the dot operator. Figure 1B shows an example in which the
action in pC is related to the discussion in pA and pB. The action
in pC2 is related to chemo, which is the common content of pA
and pB2. In this case, the action probability needs to be combined
with VAB. Although, in another case, the action refers to an
option mentioned in pB, the interaction between pB and pC is
more likely to be the context of the action and, thus, the action
probability needs to be combined with VBC. In contrast, the cat

Li et al
operator ignores some interactions between questions (actions)
and the context because of the dropout of some neutrals.
Therefore, the cat-based methods had a much lower recall than
the dot-based methods. The results show that interactions
between action and context are important for influence
identification.
Furthermore, the ARC-I+dot Q/A had a much better precision,
accuracy, ROC AUC, and PR AUC than MatchPyramid+dot
Q/A but had lower recall and slightly lower F1. This is because
ARC-I achieved a better performance than MatchPyramid in
the text relevance measurement module. ARC-I+dot Q/A was
stricter than MatchPyramid+dot Q/A when fitting the model to
the relevance factor. For applications that want to analyze the
writing style and patterns of posts that have influence, precision
is critical. ARC-I+dot Q/A is effective for locating such
discussions. In contrast, for applications that want to check the
information quality of the posts that have influence to prevent
and mitigate the spread of misleading information,
MatchPyramid+dot Q/A is more suitable because of its higher
recall.

Figure 5. Influence relationship classification.

A Case Study
Figure 1 shows an example of 3 relationships, (pA, pB1, pC1),
(pA, pB2, pC2), and (pA, pB3, pC3), where (pA is the initial post of
the thread. The scores of these 3 relationships calculated using
our system were 0.282, 0.793, and 0.622, respectively. Our
system identified (pA, pB2, pC2) and (pA, pB3, pC3) as each
containing an influence relationship, and (pA, pB1, pC1) does not.
As we can see from the post content, pB2 provides suggestions
to the initial author regarding the treatment decision. In post
pC2, the initial author expresses actions to take based on the
suggestions in pB2. In post pB3, the replier recommends that the
author use wigs. The initial author then asks further questions
about the wig information. Both relationships indicate that the
initial author was influenced. In contrast, pB1 discusses general
information and comforts the initial author, and the initial author
expresses thanks in pC1, but there is no indication of being
influenced.
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Discussion
Principal Findings
To the best of our knowledge, this is the first study that defines
the influence relationships of discussion posts related to
decision-making in OHCs. We proposed a deep learning–based
natural language processing prototype to identify influence
relationships. We then applied the developed techniques to
identify the influence relationships in an OHC, the CSN breast
cancer forum. There were 2 major observations.
First, we found that there is a significant amount of influence
relationships in the OHC. Of the 9052 relationships in
decision-making threads identified by Li et al [1], 3069 (33.9%)
were identified as influence relationships. That is, approximately
one-third of the communications influence the initial authors
on their decision-making. Furthermore, of the 5143
decision-making threads, which have at least one relationship,
2417 (47%) contain at least one influence relationship. Owing
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to the prevalence, it is important to study posts that have
influence.
Second, we also observed that posts that have influence may
contribute to engaging users in discussions. The average number
of posts in threads containing at least one influence relationship
was 15.5, whereas the average number of posts in threads
containing no influence relationship was 12.6. Our conjecture
is that posts that have an influence likely provide helpful
information or good reasoning, which are thought-provoking
and help engage users in discussions.
On the basis of these observations, there are several applications
that can benefit from the identification and analysis of influence
relationships.
First, analyzing the quality of posts that have influence helps
improve the quality of the influence. As discussed in the first
observation, influence relationships are common. Quality
checking of those posts is more critical than that of other posts
in terms of improving the effect of influences and mitigating
the spread of misleading information.
On the basis of the identification of influence relationships, we
can further identify influential users in OHCs. We can use
existing techniques that analyze the network features to identify
influential users [16-20], where this work calculates the edge
weights (ie, the influence of a post). Identifying and checking
influential users contributes to high-quality information
dissemination.
Second, based on the second observation, analyzing the writing
style of posts that have influence provides insights to health
care professionals about effective communication for patient
engagement.
Furthermore, identifying influence relationships contributes to
effective information recommendations for addressing the
information overload problem. When a user searches for
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information in OHCs, it is important to rank discussion threads
and posts and recommend to users the most relevant and helpful
discussions. On the basis of the analysis of influence
relationships and the second observation, discussions that
contain influence relationships are more likely to provide helpful
information and encourage patient engagement. Thus, the
presence of influence relationships is a positive factor in ranking.

Limitations
Our results are not without limitations. First, our definition of
relationship was based on 3 posts, including the initial post in
the thread. Therefore, we only identified the posts that had an
influence on the initial author. However, any 3 posts that have
a sequential reply relationship with the first and third posts from
the same author can represent a relationship. We conjecture that
the proposed techniques can be used to identify influence
relationships among the generalized relationships and plan to
study that problem in the future. Second, in this study, we
considered text relevance between the posts in the relationship.
Sometimes, even though 2 posts, pB and pC, are relevant overall,
the specific sentence that has a question or future action
indication in pC may not be relevant to the suggestions in pB.
In addition, the current technique for future action detection
sometimes generates false positives. To address these issues,
we will investigate how to leverage part-of-speech and reference
resolution techniques [47] to improve natural language
understanding.

Conclusions and Future Work
We studied the problem of identifying influence relationships
of web-based discussions and developed techniques and a
prototype system for identifying influence relationships in
OHCs. The proposed deep learning model demonstrates the
performance advantage of the compared methods. As future
work, we will address the aforementioned limitations to improve
the generality and accuracy of the proposed techniques.
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Abstract
Background: The widespread secondary use of electronic medical records (EMRs) promotes health care quality improvement.
Representation learning that can automatically extract hidden information from EMR data has gained increasing attention.
Objective: We aimed to propose a patient representation with more feature associations and task-specific feature importance
to improve the outcome prediction performance for inpatients with acute myocardial infarction (AMI).
Methods: Medical concepts, including patients’ age, gender, disease diagnoses, laboratory tests, structured radiological features,
procedures, and medications, were first embedded into real-value vectors using the improved skip-gram algorithm, where concepts
in the context windows were selected by feature association strengths measured by association rule confidence. Then, each patient
was represented as the sum of the feature embeddings weighted by the task-specific feature importance, which was applied to
facilitate predictive model prediction from global and local perspectives. We finally applied the proposed patient representation
into mortality risk prediction for 3010 and 1671 AMI inpatients from a public data set and a private data set, respectively, and
compared it with several reference representation methods in terms of the area under the receiver operating characteristic curve
(AUROC), area under the precision-recall curve (AUPRC), and F1-score.
Results: Compared with the reference methods, the proposed embedding-based representation showed consistently superior
predictive performance on the 2 data sets, achieving mean AUROCs of 0.878 and 0.973, AUPRCs of 0.220 and 0.505, and
F1-scores of 0.376 and 0.674 for the public and private data sets, respectively, while the greatest AUROCs, AUPRCs, and
F1-scores among the reference methods were 0.847 and 0.939, 0.196 and 0.283, and 0.344 and 0.361 for the public and private
data sets, respectively. Feature importance integrated in patient representation reflected features that were also critical in prediction
tasks and clinical practice.
Conclusions: The introduction of feature associations and feature importance facilitated an effective patient representation and
contributed to prediction performance improvement and model interpretation.
(J Med Internet Res 2022;24(8):e37486) doi:10.2196/37486
KEYWORDS
representation learning; skip-gram; feature association strengths; feature importance; mortality risk prediction; acute myocardial
infarction
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Introduction
Electronic medical records (EMRs) contain diverse and
heterogeneous information, such as demographic data, disease
diagnoses, laboratory tests, radiological findings, examinations
and procedures, and medications. EMR data can be used to not
only reflect the health status of patients and record the treatment
trajectory, but also help doctors in making clinical decisions
[1-6] and improving the efficiency of diagnosis and treatment
[1,7,8]. One of the most prevalent and practical tasks of the
secondary use of EMR data is building models to predict the
disease status [8-10] and treatment outcomes [11-17] for a
patient, using machine learning algorithms.
However, the high dimensionality, sparsity, and heterogeneity
of EMR data [12,18] pose many obstacles for directly inputting
the raw data into machine learning–based predictive models.
Some manual and data-driven feature engineering methods
[15,19], though time-consuming and laborious, were used to
select important features or extract useful information for
predictive tasks. Moreover, the performance of predictive
models relies heavily on the representation of data. It was
reported that effective representation methods could make the
downstream modeling simpler and more flexible, and greatly
improve the predictive performance [18,20]. By transforming
raw features into compact vectors, representation learning can
make it easier to automatically extract useful information when
building predictive models [16,21,22]. One widely used
representation method for EMR data is the skip-gram algorithm
[23], a distributed embedding method that treats patient records
as sentences and medical concepts as words. An inevitable
problem in the skip-gram algorithm is that contrary to words
within a sentence, medical concepts in a patient’s record do not
have a natural order, making it difficult to learn meaningful
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representations of concepts that have potential associations.
One solution for this problem was randomly shuffling the
concepts within a record to learn concept embeddings
[12,24-26]. It could reduce the impact of the disorder attribute
of medical concepts on the algorithm to some degree, while
associations among these concepts were still not taken into
consideration.
Acute myocardial infarction (AMI) is an acute ischemic heart
disease and is the second leading cause of death. One in every
6 deaths is caused by ischemic heart disease, where AMI
accounts for the majority of deaths [27,28]. Mortality risk
prediction for AMI patients plays a crucial role in clinical work,
helping doctors identify potential clinical factors, take early
intervention measures based on timely alerts of patients’ adverse
health statuses, and reduce the burdensome expenditure of
related health care expenses. Therefore, researchers [19,29-31]
have focused on building machine learning models for the
outcome prediction of AMI patients, and most of them used
specific clinical features, such as laboratory test results (eg,
albumin), comorbidities (eg, diabetes), and demographic data
(eg, gender).
In this study, we aimed to represent various structured features
extracted from EMR data as fixed-length embedding vectors,
which were then used to improve the performance of predictive
models for the death risk of AMI patients. Specifically, we
introduced the association strengths into the skip-gram algorithm
to learn more informative representations of features. We also
introduced the Shapley additive explanations (SHAP) [32]
technique to facilitate representation at the patient level and
enhance the interpretability of the predictive model. An
overview of our proposed representation learning framework
and its application is shown in Figure 1.

Figure 1. Overview of the proposed representation learning method for patients’ mortality risk prediction. First, feature representations were learned
by the skip-gram algorithm using an adaptive context window. Then, patient representations were constructed based on feature representations weighted
by the feature importance. Finally, the proposed patient representation was applied in the mortality risk prediction for acute myocardial infarction
in-patients from a public data set and a private data set, and compared with reference methods.

Methods
Skip-Gram–Based Patient Representation
The representation was learned hierarchically at the following
3 levels: the concept, feature, and patient levels. At the concept
level, we employed the improved skip-gram algorithm [23] to
represent a concept as an embedding vector. In the natural
language processing domain, the basic idea of skip-gram was
https://www.jmir.org/2022/8/e37486
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to maximize the occurrence probabilities of the target words
and the context words in the predefined context window, making
the words that appear in the same context window closer in the
embedding space. Unlike words with natural orders in a
sentence, medical concepts appeared out of order in a patient
record for a certain hospital stay. This made it difficult to
determine the context window that contained relevant concepts
for the target concept, especially when the number of concepts
in a record was far larger than the size of the context window.
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Thus, for a concept within a record, we identified relevant
concepts using its association strength with a candidate concept
in the same record. The association strength was defined as the
confidence (equation 1) of an association rule with one candidate
concept as the unique antecedent (or consequent).
Confidence (C1, C2) = |C1∩C2| / |C1| (1)
where C1 and C2 are the antecedent and consequent concepts,
respectively, of an association rule C1→C2, and |C1| and
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|C1∩C2| are the numbers of patient records containing C1 and
both C1 and C2, respectively. The greater the confidence, the
stronger the association between the 2 concepts. Antecedent (or
consequent) concepts in association rules with the top N highest
confidences were included in the context window of the target
concept. We called these selection schemes of context concepts
antecedent-based (or consequent-based) embeddings. Figure 2
provides an example of the consequent-based selection scheme
of context concepts.

Figure 2. An illustration of context concept selection for the skip-gram algorithm using association strengths. All records are composed of 10 concepts
(C1, C2, ……, and C10). In the confidence matrix, element Cij was the confidence of the association rule with Cj as antecedent and Ci as consequent.
For patient 1 with 6 concepts (C1, C3, C6, C7, C8, and C10), the included concepts in C1’s 4-concept context window were selected from the remining
5 candidate concepts, whose confidences were 0.66 (antecedent, C10), 0.62 (C3), 0.55 (C6), 0.53 (C8), and 0.46 (C7). Therefore, C10, C3, C6, and C8
were selected to construct the context window for C1.

Moreover, to reduce the high dimensionality and sparsity of a
large number of concepts, while preserving the clinical
information as much as possible, we aggregated the concepts
of disease diagnoses and procedures into several clinically
meaningful feature groups according to International
Classification of Diseases, 10th revision (ICD-10) codes and
International Classification of Diseases, 9th revision (ICD-9)
codes, and with the help of clinical experts. For example, disease
diagnoses of type 1 diabetes mellitus and type 2 diabetes
mellitus were grouped into the feature group of diabetes
mellitus. The average of all embedding vectors of concepts from
the same feature group in a patient record was treated as the
representation at the feature level for the patient.
The representation at the patient level was the weighted sum of
feature-level representations. The feature weights were obtained
under the guidance of the predictive task, indicating the
importance of each feature involved in the patient representation.
In this study, we used SHAP values as the feature weights. The
SHAP framework is a machine learning interpretation technique
based on the idea of game theory. It approximated a trained
prediction model with a different but simple model that could
easily calculate the contribution in the form of a SHAP value
for each feature in the prediction model and performed additive
https://www.jmir.org/2022/8/e37486
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feature attribution to explain the combination of features [32].
A positive or negative SHAP value reflected a positive or
negative influence on the prediction. A feature’s importance
was then computed as the average of its absolute SHAP values
from all samples.

Experiments and Evaluations
Data Sets and Data Preprocessing
In this study, we used a public data set, the freely accessible
critical care database Medical Information Mart for Intensive
Care III (MIMIC-III data set [33]), and a private data set for the
experiments.
The MIMIC-III data set was collected between June 2001 and
October 2012, and involved 46,520 patients admitted to
intensive care units at the Beth Israel Deaconess Medical Center
in Boston, Massachusetts. It includes patient health information,
such as demographics, vital signs, laboratory test results,
medications, procedures, diagnosis codes, and clinical notes.
The informative MIMIC-III data set was widely used in some
medical machine learning modeling and algorithm evaluations,
providing strong data support for researchers to establish models
and evaluate algorithms [14,18].
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The private data set was derived from the EMR system of a
tertiary hospital, Xuanwu Hospital, Capital Medical University,
Beijing, China, between January 2014 and December 2016.
Patient features included hospital admission and discharge
information, demographic data, disease diagnoses, laboratory
tests, examinations and procedures, medications, and radiology
reports of chest X-ray or color sonography examination.
We extracted the records of all 3010 and 1671 AMI patients
from the public and private data sets, respectively. The diagnosis
of AMI was confirmed with the ICD-9 codes 410.01 to 410.91
or ICD-10 codes I21 and I22. There were 254 (8.1%) and 103
(6.2%) patients who died in the hospital from the public and
private data sets, respectively.
We maintained patients’ first hospitalization data to evaluate
the proposed method. Demographic data (age and gender) and
the following AMI-related features were maintained in both
data sets: AMI-relevant items of laboratory tests that at least
95% of patients carried out, AMI-relevant radiological features
extracted from radiology reports [34], 7 commonly prescribed
medications, and all recorded disease diagnoses and procedures.
For laboratory tests performed more than once, only the results
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obtained in the first test (usually at admission) were retained,
which could reflect a patient’s health status and the severity of
illness.
Since initially proposed in the field of natural language
processing, the skip-gram algorithm was used to train
embeddings for discrete words or symbols. Therefore, to use
the skip-gram algorithm for the embedding representation of
the structured data, all patient features should be categorical,
where each discrete value is treated as a concept. For example,
male and female were 2 concepts for gender. Different from
raw categorical features, such as gender, disease diagnoses,
procedures, and medications, that might remain unchanged, the
continuous variables age and laboratory test results had to be
discretized into two or more concepts. Age was discretized into
2 concepts (>60 years and ≤60 years). Each laboratory test result
was also discretized into 2 concepts (normal and abnormal with
reference to clinical standards). In total, 3326 and 1073 medical
concepts were identified and further aggregated to 104 and 108
feature groups in the public and private data sets, respectively
(Table 1). All feature groups of the private and public data sets
are listed in Multimedia Appendix 1 and Multimedia Appendix
2, respectively.

Table 1. Concepts and feature groups of both the public and private data sets.
Feature category

Public data set

Private data set

Concept examples

Feature groups
(n=104), n

Concepts
(n=3326), n

Feature groups
(n=108), n

Concepts
(n=1073), n

Age

1

2

1

2

>60 years and ≤60 years

Gender

1

2

1

2

Male and female

Laboratory tests

19

38

40

80

Abnormal serum triglyceride and normal serum creatinine

Radiological features

34

34

36

36

Cardiac image enlargement and sharp costophrenic angle

Disease diagnoses

24

2600

15

739

Hypertension and brainstem infarction

Procedures

18

643

8

207

Coronary stenting and pericardiocentesis

Medications

7

7

7

7

Angiotensin-converting enzyme inhibitor and heparin

Representation Evaluation
To evaluate the effectiveness and advantages of the proposed
representation, we used 2 additional kinds of simple reference
representation methods, namely, the 3-layer autoencoder with
learning and the feature selection method without learning.
Table 2 describes the details of the proposed and reference
representation methods.
The proposed representation method was first evaluated at the
concept level. Cluster analyses were used to cluster laboratory
test concepts into 2 clusters for the quantitative evaluation. The
adjusted Rand index (ARI) [35] (ranging from −1 to 1) was
used to evaluate the cluster solutions. Greater ARI values
indicated higher ability of discriminating from categories with
different real labels (normal and abnormal). We also applied
the t-distributed stochastic neighbor algorithm to project the
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embedding vectors of laboratory test concepts into a
2-dimensional space to visually observe the distribution of
embeddings.
The proposed representation method was then evaluated at the
patient level with a downstream prediction task using the logistic
regression model. The predicted outcome was the in-hospital
death of AMI patients during hospital stay. The input for
prediction was the patient representation derived from the entire
feature set listed in Table 1. We also extracted a treatment-free
feature subset that excluded medications and procedures from
the entire feature set, trying to clarify that the performance of
the proposed patient representation was related to the features
that were involved in the representation and that the
treatment-related features played a crucial role in predicting
patient outcome even if they had been represented as embedding
vectors.
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Table 2. Descriptions of the proposed and reference representation methods.

a

Representation
method

Descriptions

Representation examples

Mixture

The mixture of discretization codes for original discrete features and original
values for continuous features. The missing values in the laboratory tests were
interpolated using the mean of the corresponding laboratory tests.

(0,1,1,0,0,0,1,12,8.5,3,8) for a patient with
11 features

Discretization

The 0-1 vector where the digit 1 represented the patient having the specific dis- (0,1,1,0,0,0,1,1,0,1,1) for a patient with 11
ease, procedure, radiological feature, and medication, and 0 otherwise. Age of discretization features
1 meant >60 years and 0 meant ≤60 years, gender of 1 meant male and 0 meant
female, and a laboratory test item of 1 meant abnormal and 0 meant normal.
Missing values for laboratory tests were interpolated by the corresponding mode.

DIS_FSa

The selected features with discretization representations were statistically differ- (0,0,1,0,0,1,0,1) for a patient with 8 selected
ent between patients with and without the label “death.”
features

DIS_AEb

The hidden-layer vector of a 3-layer autoencoder with discretization vectors as (0.7,1.9,0.5,−1,−3.1,2.4) for a patient with
inputs and outputs. The dimension of the hidden layer was set to 64.
a 6-dimensional vector

RAN_EM_AVEc

The average of feature embedding vectors learned from the skip-gram algorithm (1.6,−0.5,1.1,0.1,−1.3,0.6) for a patient with
using the random selection method to determine the context window.
a 6-dimensional embedding vector

RAN_EM_WGTd

The weighted sum of the feature embedding vectors learned from the skip-gram (1.2,−0.9,1.3,0.4,−1.9,1.0) for a patient with
algorithm using the random selection method to determine the context window. a 6-dimensional embedding vector

ANT_EM_AVEe

The average of the feature embedding vectors learned from the skip-gram algo- (0.9,−0.6,1.2,1.4,−1.9,0.6) for a patient with
rithm using the confidence with the target concept as the antecedent.
a 6-dimensional embedding vector

ANT_EM_WGTf

The weighted sum of the feature embedding vectors learned from the skip-gram (1.2,−1.5,1.1,0.1,−0.6,0.6) for a patient with
algorithm using the confidence with the target concept as the antecedent.
a 6-dimensional embedding vector

CON_EM_AVEg

The average of the feature embedding vectors learned from the skip-gram algo- (1.6,−0.8,2.1,1.6,−1.4,1.5) for a patient with
rithm using the confidence with the target concept as the consequent.
a 6-dimensional embedding vector

CON_EM_WGTh

The weighted sum of the feature embedding vectors learned from the skip-gram (1.1,−0.4,−0.7,1.6,−0.3,0.9) for a patient
algorithm using the confidence with the target concept as the consequent.
with a 6-dimensional embedding vector

DIS_FS: discretization representations with feature selection.

b

DIS_AE: hidden vector of an autoencoder-based representation.

c

RAN_EM_AVE: average of the random selection–based embedding representation.

d

RAN_EM_WGT: weighted sum of the random selection–based embedding representation.

e

ANT_EM_AVE: average of the antecedent-based embedding representation.

f

ANT_EM_WGT: weighted sum of the antecedent-based embedding representation.

g

CON_EM_AVE: average of the consequent-based embedding representation.

h

CON_EM_WGT: weighted sum of the consequent-based embedding representation.

We randomly split samples into training and test data sets by
the ratio of 7:3. The training samples were first represented in
the discretization vectors and used to build a predictive model
for calculating all features’ SHAP values for the further patient
embedding representations of all study samples. After being
represented as embedding vectors, the training and test samples
were used to build and validate a logistic regression-based
predictive model, respectively. The area under the receiver
operating characteristic curve (AUROC), area under the
precision-recall curve (AUPRC), and F1-score were the main
evaluation metrics. Other relevant performance metrics from
the confusion matrix included precision, recall, and accuracy.
To eliminate the performance bias introduced by the
initialization of a skip-gram model and the training/test data set
split, we performed the comparative experiment 100 times. In
each experiment round, the above processes were repeated. The
mean with its 95% CI of each performance evaluation metric
was reported.
In the skip-gram algorithm, the size of the context window and
the dimension of the embedding vector were determined by trial
https://www.jmir.org/2022/8/e37486
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and error. We conducted a group of predictive experiments on
the public data set, using possible combinations of window sizes
of 5, 10, 15, and 20, and vector dimensions of 50, 100, 200, and
300. Experimental results (listed in Multimedia Appendix 3)
showed that the skip-gram algorithm with the combination of
a window size of 10 and a vector dimension of 300 had the
highest representation performance. Therefore, the size of the
context window and the dimension of the embedding vector
were set to 10 and 300, respectively. We applied the negative
sampling mechanism (20 negative samples in this study) to
accelerate the concept embedding training process. Other
parameters were as follows: learning rate, 0.001; number of
iterations, 50; batch size, 64. The gradient calculation method
was Adam. We implemented representation learning, SHAP
value computation, and prediction modeling in Python 3.7 and
TensorFlow 2.0. In the step of patient representation, we used
the L2 regularization penalty with “liblinear” solver for the
logistic regression model, and the inverse of regularization
strength was set to 0.1.
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(approval number: Clinical Scientific Research 2020-070).

Results
Concept Representation Evaluation
Embedding vectors for laboratory test concepts were visualized
in a plane space (Figure 3). Concepts of normal and abnormal
laboratory tests (Figure 3) were farther away when they were
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represented by the consequent-based embeddings (Figures 3A
and 3D) than by the antecedent-based embeddings (Figures 3B
and 3E) and the random selection–based embeddings (Figures
3C and 3F). In cluster analyses for laboratory tests, the
consequent-based embeddings achieved higher ARIs (0.317
and 0.520 on the public and private data sets, respectively) than
the antecedent-based embeddings (0.112 and 0.149, respectively)
and the random selection–based embeddings (0.043 and 0.028,
respectively). The best cluster performance of the
consequent-based embeddings among the 3 embeddings
indicated that the consequent-based embeddings might contain
more feature association information.

Figure 3. Visualization of the embedding laboratory tests using different selection schemes for contextual concepts in the skip-gram algorithm (the
t-distributed stochastic neighbor embedding algorithm was used). Dots in red and green represent abnormal and normal laboratory test results, respectively.
A to C for the public data set: the contextual concepts of a target concept consist of its consequent concepts (A) or antecedent concepts (B) in association
rules, or randomly selected concepts (C). D to F are the counterparts of A to C on the private data set.

Predictive Performance
Table 3 and Multimedia Appendix 4 list the predictive
performances using various representation methods on the
private and public data sets, respectively. The proposed
representation method, the weighted sum of the
consequent-based embedding representation (CON_EM_WGT),
showed the highest predictive performances, with maximum
AUROCs of 0.878, 0.973, and 0.926 using all features of the
public data set and the entire and treatment-free feature sets of
the private data set, respectively. When the performance was
measured by AUPRC and F1-score, the proposed representation
method outperformed all the other methods regardless of the
data sets and feature sets.
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Compared with the reference representations, most of the
embedding-based representations on both data sets showed a
performance improvement. The average AUROC, AUPRC, and
F1-score of the 6 representation methods with embeddings were
greater than those of the 4 reference methods without
embeddings (0.855 vs 0.831, 0.203 vs 0.185, and 0.354 vs 0.328,
respectively) on the public data set with the entire feature set.
Further, among the 6 representations based on the skip-gram
algorithm, representations with algorithm improvement based
on the association strength achieved superior performance than
those without.
When assembling feature representations into a patient
representation, the assembling method and the involved features
did matter. Representations based on the idea of weighted sum
outperformed those based on the idea of average, on either the
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public data set with the entire feature set (AUROC, 0.863 to
0.878 vs 0.834 to 0.850) or the private data set with the entire
feature set (0.967 to 0.973 vs 0.948 to 0.957). On the other hand,
consistently superior predictive performance was achieved on
both data sets with the entire feature set compared with the
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treatment-free feature set. Multimedia Appendix 5 shows the
average predictive performance of patient representation
methods on the public and private data sets with and without
treatment feature sets.

Table 3. Predictive performance of patient representation methods on the private data set.
AUROCa, mean (95% CI)

AUPRCb, mean (95% CI)

F1-score, mean (95% CI)

CON_EM_WGTc

0.973 (0.951-0.995)

0.505 (0.278-0.732)

0.674 (0.468-0.880)

CON_EM_AVEd

0.957 (0.933-0.981)

0.312 (0.159-0.465)

0.479 (0.301-0.657)

ANT_EM_WGTe

0.972 (0.948-0.996)

0.489 (0.258-0.720)

0.658 (0.442-0.874)

ANT_EM_AVEf

0.953 (0.929-0.977)

0.310 (0.185-0.435)

0.478 (0.329-0.627)

RAN_EM_WGTg

0.967 (0.942-0.992)

0.486 (0.263-0.709)

0.660 (0.460-0.860)

RAN_EM_AVEh

0.948 (0.923-0.973)

0.287 (0.167-0.407)

0.451 (0.306-0.596)

DIS_AEi

0.884 (0.845-0.923)

0.207 (0.144-0.270)

0.361 (0.279-0.443)

DIS_FSj

0.938 (0.907-0.969)

0.283 (0.167-0.399)

0.452 (0.309-0.595)

Discretization

0.939 (0.908-0.970)

0.283 (0.165-0.401)

0.454 (0.307-0.601)

Mixture

0.904 (0.849-0.959)

0.251 (0.135-0.367)

0.417 (0.264-0.570)

CON_EM_WGT

0.926 (0.883-0.969)

0.282 (0.139-0.425)

0.456 (0.282-0.630)

CON_EM_AVE

0.915 (0.876-0.954)

0.248 (0.156-0.340)

0.413 (0.297-0.529)

ANT_EM_WGT

0.919 (0.874-0.964)

0.278 (0.133-0.423)

0.455 (0.275-0.635)

ANT_EM_AVE

0.912 (0.869-0.955)

0.256 (0.162-0.350)

0.423 (0.307-0.539)

RAN_EM_WGT

0.915 (0.868-0.962)

0.248 (0.119-0.377)

0.416 (0.238-0.594)

RAN_EM_AVE

0.897 (0.850-0.944)

0.225 (0.133-0.317)

0.385 (0.265-0.505)

DIS_AE

0.884 (0.845-0.923)

0.207 (0.144-0.270)

0.361 (0.279-0.443)

DIS_FS

0.903 (0.862-0.944)

0.214 (0.124-0.304)

0.367 (0.236-0.498)

Discretization

0.905 (0.862-0.948)

0.224 (0.122-0.326)

0.381 (0.238-0.524)

Mixture

0.867 (0.806-0.928)

0.202 (0.116-0.288)

0.356 (0.227-0.485)

Feature set and representation methods
Entire feature set
Embedding-based representation methods

Reference representation methods

Treatment-free feature set
Embedding-based representation methods

Reference representation methods

a

AUROC: area under the receiver operating characteristic curve.

b

AUPRC: area under the precision-recall curve.

c

CON_EM_WGT: weighted sum of the consequent-based embedding representation.

d

CON_EM_AVE: average of the consequent-based embedding representation.

e

ANT_EM_WGT: weighted sum of the antecedent-based embedding representation.

f

ANT_EM_AVE: average of the antecedent-based embedding representation.

g

RAN_EM_WGT: weighted sum of the random selection–based embedding representation.

h

RAN_EM_AVE: average of the random selection–based embedding representation.

i

DIS_AE: discretization representations with features selection.

j

DIS_FS: hidden vector of an autoencoder-based representation.
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Predictive Model Interpretation
Figure 4 illustrates the global feature attributions for the top 20
most important features from the private data set when
predicting in-hospital death risk. The treatment-related features
played an important role in the mortality prediction. These
features included other surgery (mean absolute SHAP value:
0.413), diagnostic ultrasound (0.279), contrast agent
cardiovascular angiography (0.197), etc (Figure 4A). Moreover,
comorbidity diseases like hypertension (mean absolute SHAP
value: 0.252) and heart disease complications (0.236), and
laboratory tests like serum glucose (0.188) and serum lactate
dehydrogenase (0.139) had strong associations with in-hospital
death (Figure 4B). SHAP values of features in the public data
set are shown in Multimedia Appendix 6.
In addition to the feature’s global importance in the specific
predictive task, SHAP values were helpful in distinguishing the

Huang et al
feature’s local importance, that is, the importance for an
individual sample. Figure 5 illustrates how the mortality risk
was predicted with SHAP values for a patient who died during
hospital stay and another patient who did not die. The positive
SHAP values of most features of the patient who died during
hospital stay increased the total SHAP value from an average
value of −3.739 to a final value of −0.499 (Figures 5A and 5C),
meaning that the patient had a higher risk of in-hospital death
than the average. In this incremental process, gender as female,
for example, contributed a SHAP value of +0.21 (Figures 5C).
On the contrary, the negative SHAP values of most features of
the patient who was discharged alive decreased the total SHAP
value from −3.739 to −6.169 (Figures 5B and 5D), indicating
a lower death risk. In this decremental process, male gender
contributed a SHAP value of −0.09 (Figures 5D). We have
shown 2 examples of patients from the public data set in
Multimedia Appendix 7.

Figure 4. The mean absolute Shapley additive explanations (SHAP) values of the top 20 features of the private data set within the entire feature set
(A) and the treatment-free feature set (B).
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Figure 5. Shapley additive explanations (SHAP) values for a patient who died during hospital stay (A and C) and another patient who did not die (B
and D). Both patients were selected from the private data set with the entire feature set. A and B, all features with their SHAP values. C and D, 20
features with the greatest absolute SHAP values. Features in blue tend to reduce the possibility of a patient being classified as positive (death in this
study), while features in red do the contrary. The meaning of each abbreviated feature name can be found in Multimedia Appendix 1.

Discussion
Principal Findings
With the widespread adoption of EMR data in building machine
learning–based predictive models, one of the most fundamental
research challenges was learning proper patient representations
that might capture hidden semantic associations among medical
concepts [18]. In this study, we proposed an improved
https://www.jmir.org/2022/8/e37486
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skip-gram–based patient representation method where the
association strength among medical concepts and the
task-specific feature importance were integrated. Compared
with other representation methods, the proposed patient
representation improved the performance of the mortality risk
prediction for AMI patients.
In previous studies, deep learning models [9,10,12,25,36] were
used in training embedding representations of medical concepts
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for the subsequent patient representation. When using the
skip-gram algorithm, the order of medical concepts that was
independent of feature relevance hindered the algorithm from
learning high-quality representation. Prior work recommended
the shuffling mechanism for medical concepts in a patient record
to reduce the impact of the out-of-order characteristics on the
algorithm [12,24-26]. In this study, we introduced the
association strength between 2 concepts that was defined as the
confidence of an association rule involving just the 2 concepts.
Experiments from various aspects indicated that this ingenious
improvement was effective in revealing potential associations
among medical concepts and further enhancing the performance
of downstream prediction tasks.
In addition to the representation algorithm, features used to
represent a patient were also critical. Many previous studies
focused on some features in the original form of medical codes,
such as disease diagnoses, procedures, and medications
[1,11,14,37]. For laboratory tests that contained much diagnosis
and prognosis-relevant information about patients, we included
the normal status of the laboratory tests into the feature sets,
rather than simply using the number of laboratory tests and test
co-occurrences [12,38]. We further extracted radiological
features from free-text radiological reports. Admittedly, richer
features may lead to a feature representation with more
information, even if the dimension of patient representation
remains unchanged. In this study, predictive models using more
features to represent a patient did reflect more information about
the patient and showed higher performance than those using
fewer features. Our finding is similar to the results of other
studies [39,40].
Prior studies employed neural networks to train predictive
models for clinical outcomes using EMR data [2,16,22]. They
focused on end-to-end prediction models built on large data
sets, where the last hidden layer of the neural network was
regarded as the patient representation. Although the deep
end-to-end neural network–based patient representation
improved the predictive accuracy, the lack of interpretability
could not be ignored. Some studies [26,41] constructed patient
representations using the average of concept representations
learned by word embedding methods, which did not make full
use of the importance of different clinical features for patients.
As an advanced interpretability method, the SHAP value [32]
was successfully used to analyze and explain the predictive
models in some previous studies [40,42-44]. We introduced
SHAP values as feature importance into the patient
representation, and further explained the predictive model with
SHAP values. SHAP values can be used to not only rank the
overall importance and identify the important factors for the
prediction task, but also explore the key factors for predicting
the mortality risk for a specific patient. In our predictive task
for AMI patients, the most important features identified by
SHAP values were really closely related to AMI [45-47], such
as serum glucose and serum creatine kinase, which are 2 critical
laboratory tests for AMI diagnosis and prognosis in clinical
practice.
In our predictive task, the model that took all available patient
characteristics represented by the proposed patient representation
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method as inputs showed a higher performance than other
models on the same task in previous studies (AUROC, 0.973
vs 0.905 to 0.935 [19,29-31,48]). This may be because the
embedding representation contained a large number of diverse
features extracted from a general EMR system, while many
researchers selected AMI-related features with the assistance
of clinical experts. For example, basic demographic data and
few laboratory tests, as well as several specific features of AMI
like Killip classification and left ventricular ejection fraction
[19,30] were directly added into the machine learning model to
predict mortality risk. Further, compared with other simple
feature extraction methods like Principal Component Analysis
[29] and the 3-layer autoencoder model, the proposed method
took the association strength and feature importance into
consideration, achieving higher predictive performance.

Limitations
This study had some limitations. First, only patients’ laboratory
tests for the first time during hospital stay were included in this
study, while many patients took two or more laboratory tests.
Since temporal data, especially multiple laboratory tests, may
reflect the dynamic health status and the treatment effect of a
patient over time, the lack of temporal characteristics of
laboratory tests in the patient representation may lead to
performance loss in downstream tasks. A future study will focus
on integrating this uneven and irregular temporal data into the
current patient representation. Second, the skip-gram algorithm
was used in training concept embeddings. The algorithm is
popular in the natural language processing domain, possibly
having a limited ability to represent structured and disordered
EMR data. A transformer-based pretrain model, Med-Bert, has
been trained to represent disease diagnoses originally expressed
in ICD-10 and ICD-9 codes, showing higher performance with
AUROCs of 85.39% and 82.23% in heart failure and pancreatic
cancer prediction tasks, respectively [49]. Therefore, more
complicated deep learning methods will be adopted for a more
informative patient representation in the future. Lastly, we
carried out only internal validation of the predictive model built
on the proposed patient representation. External validation of
high quality will be more convincing and will help in continuous
algorithm improvement. Moreover, the chosen reference
methods for the performance comparison were simple feature
selection methods and a 3-layer autoencoder. Comparison with
state-of-the-art methods is needed to evaluate the performance
and potential use of our proposed method.

Conclusions
In this study, we improved the embedding-based patient
representation with the association strength of medical concepts
and importance of patient features. After further training and
fine-tuning, the model based on the proposed patient
representation will hopefully be used to assist in prognostic
prediction for AMI inpatients. This study puts forward a
meaningful direction for the development of more effective and
efficient clinical prediction models using EMR data. It is
desirable for patient representation learning to serve as an
essential part of building a predictive model for clinical
outcomes.
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Abstract
Background: The rapid implementation of virtual care (ie, telephone or video-based clinic appointments) during the COVID-19
pandemic resulted in many providers offering virtual care with little or no formal training and without clinical guidelines and
tools to assist with decision-making. As new guidelines for virtual care provision take shape, it is critical that they are informed
by an in-depth understanding of how providers make decisions about virtual care in their clinical practices.
Objective: In this paper, we sought to identify the most salient factors that influence how providers decide when to offer patients
video appointments instead of or in conjunction with in-person care.
Methods: We conducted semistructured interviews with 28 purposefully selected primary and specialty health care providers
from the US Department of Veteran’s Affairs health care system. We used an inductive approach to identify factors that impact
provider decision-making.
Results: Qualitative analysis revealed distinct clinical, patient, and provider factors that influence provider decisions to initiate
or continue with virtual visits. Clinical factors include patient acuity, the need for additional tests or labs, changes in patients’
health status, and whether the patient is new or has no recent visit. Patient factors include patients’ ability to articulate symptoms
or needs, availability and accessibility of technology, preferences for or against virtual visits, and access to caregiver assistance.
Provider factors include provider comfort with and acceptance of virtual technology as well as virtual physical exam skills and
training.
Conclusions: Providers within the US Department of Veterans Affairs health administration system consider a complex set of
factors when deciding whether to offer or continue a video or telephone visit. These factors can inform the development and
further refinement of decision tools, guides, and other policies to ensure that virtual care expands access to high-quality care.
(J Med Internet Res 2022;24(8):e38826) doi:10.2196/38826
KEYWORDS
virtual care; decision-making; qualitative; virtual visits; web-based; carer; video; telephone; telemedicine; appointments; caregiver

Introduction
The COVID-19 pandemic spurred rapid and widespread
implementation of virtual care, including both video- and
telephone-based visits, to address acute and chronic needs of
patients. Many welcomed the availability of virtual care given
https://www.jmir.org/2022/8/e38826
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benefits such as increased access to care, less travel time for
patients, and often lower costs for both patients and health care
systems [1]. Providers and patients have also reported
unexpected advantages such as greater convenience and the
ability to assess patients in their home environments [2].

J Med Internet Res 2022 | vol. 24 | iss. 8 | e38826 | p.779
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
While in-person care delivery has largely resumed, virtual care
continues to play a major role in how health care systems deliver
care to patients [3]. Because of this, identifying optimal
approaches to virtual care delivery that ensure patient safety,
satisfaction, quality of care, and equitable access will remain a
critical challenge facing health care organizations [4,5]. Due to
the rapid implementation of virtual care during the pandemic,
many providers were asked to provide virtual care with little or
no formal training and without clinical guidelines and tools to
assist with decision-making. Currently, these guidelines and
tools are beginning to take shape, and it is critical that they are
informed by an in-depth understanding of how providers make
decisions about virtual care in their clinical practices.
Currently, there is a plethora of qualitative studies describing
provider and patient attitudes toward virtual care, as well as
perceived barriers and facilitators to virtual care implementation
and adoption [2,6-8]. Well-known barriers include lack of
institutional support and the infrastructure to support the
technology needed for virtual care, low levels of digital literacy
among both patients and providers, and poor integration of
virtual modalities into existing clinical workflows, to name a
few [2,8,9]. Though these studies may improve uptake and
implementation of virtual care, they sometimes lack specifics
on how and when to provide virtual care as a substitute or
adjunct to in-person care. Fewer studies have examined how
non–mental health care providers more generally make decisions
about when to use virtual modalities [10,11]. Systematic
identification of the factors that providers consider when
assessing the suitability of virtual care for a given patient and
clinical need may inform the aforementioned tools and
guidelines necessary for accessible, high-quality care.
The US Department of Veterans Affairs (VA) has been a leading
health care organization in the use of virtual care modalities,
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even before the onset of the COVID-19 pandemic [12,13].
Through a qualitative assessment of VA providers from diverse
clinical settings, we sought to identify the most salient factors
that impact providers’ decisions about when to offer patients
virtual care.

Methods
Participants and Study Design
As part of a study of VA’s implementation of virtual care and
distribution of video-enabled tablets to veterans with access
barriers, we conducted a qualitative study of a national sample
of VA clinicians. We used a combination of administrative data
and provider referral to purposefully sample participants. A
majority of providers had only begun offering virtual care in
the last 1 to 2 years at the time of interviews. Rather than focus
on a single specialty, we strove for variation in our interview
sample [14] and selected providers from the following 4 diverse
areas of clinical practice: primary care, cardiology, spinal cord
injury, and palliative care. With guidance from VA’s Office of
Connected Care, these specialties were chosen due to higher
use of virtual care. Additionally, they offer diverse types of
services offered during a clinical visit. Through administrative
data, we identified practitioners who had frequently used video
visits in the previous calendar year relative to their peers in
similar clinical practices. Providers were recruited from several
US geographic regions—West, Midwest, South, and Northeast.
The participants were sent messages to their institutional email
addresses explaining the purpose of the study and asked if they
would like to participate. A total of 26 physicians and 2 nurse
practitioners agreed to participate in an interview, for a total of
28 providers. Participant characteristics are summarized in Table
1.

Table 1. Characteristics of health care providers (N=28).
Characteristics

Values, n (%)

Clinical specialty or practice
Primary care

11 (39)

Cardiology

7 (25)

Spinal cord injury

5 (18)

Palliative care

5 (18)

Gender
Women

16 (57)

Men

12 (43)

Setting
Rural

5 (18)

Urban or suburban

23 (82)

Years of practice
Less than 5 years

4 (14)

Over 5 years

24 (86)
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Ethics Approval
This quality improvement initiative was reviewed and designated
as nonresearch by the supporting VA program office, the
Stanford University Institutional Review Board, and VA
Research Administration.

Data Collection
Two researchers, a medical sociologist with expertise in
qualitative methods (CG) and an internist with qualitative
training (RT), conducted interviews with the providers to learn
about their experiences offering virtual care prior to and during
the COVID-19 pandemic. The interviews took place between
December 2020 and June 2021, with each specialty interviewed
consecutively to ensure greater consistency. The interview
questions focused on circumstances under which providers
choose to offer virtual care, preferences for virtual care or
in-person care, and perceptions of scenarios where virtual care
was inappropriate or less optimal. The providers were also asked
to reflect on needed skills and training around virtual care and
perceived barriers to providing virtual care more frequently.
The interviews were conducted using Microsoft Teams, which
lasted approximately 30 minutes, and with permission from
interview participants, they were videorecorded and transcribed
by a professional transcription service.

Data Analysis
To identify the primary factors informing provider
decision-making around virtual care, we employed a qualitative
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descriptive approach [15], using constant comparison [16,17]
to further reduce and synthesize data. First, the research team
inductively reviewed 5 transcripts and identified emergent codes,
combined these codes with deductive codes derived from the
interview questions, and created a codebook used to code all
transcripts. The transcripts were uploaded into Atlas.ti
(ATLAS.ti Scientific Software Development GmbH), a software
that facilitates qualitative data analysis, and coded according
to the codebook. After transcripts were coded, the codes and
their associated text were reviewed collectively by the team and
then grouped together into larger categories. During this process,
we identified themes by assessing for repetition and emphasis
of specific points. Finally, all team members participated in
selecting exemplary quotes and sorting themes into 3 categories
of factors that appeared to most impact provider
decision-making.

Results
Clinical, Provider, and Patient Factors Impacting the
Decision to Use Virtual Care
Thematic analysis revealed that provider decisions about
whether to continue with or initiate a virtual visit is driven by
clinical, patient, and provider factors (Textbox 1). Although we
observed some variation related to specific aspects of the
different clinical focus areas, the factors discussed here were
noted across all 4 specialties.

Textbox 1. Thematic categorization of factors influencing provider decision-making.
Clinical factors
•

Patient acuity

•

Need for additional tests or labs

•

Change in patient’s status or overall stability

•

First visits and patients with no record of recent medical examination

Patient factors
•

Patient’s ability to articulate symptoms or needs

•

Availability and accessibility of technology

•

Preferences regarding virtual visits

•

Access to caregiver assistance

Provider factors
•

Comfort with and acceptance of virtual technology

•

Knowledge about how to conduct physical exam and assessment virtually

Clinical Factors Impacting the Decision to Use Virtual
Care
The providers described clinical factors that impact their
decisions about whether to see a patient virtually or in person.
The common clinical factors cited include patient acuity, a need
for additional tests or labs, changes in the patient’s status and
overall stability, and a visit with a patient who is new or has no
record of recent medical examination.
https://www.jmir.org/2022/8/e38826
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Patient Acuity
The providers indicated that acute, newly emergent conditions
proved most difficult to assess virtually. In particular, they noted
that patients’ reports of pain were often challenging to assess
virtually, since they were unable to physically examine sensitive
areas to help in making a diagnosis. On the other hand, chronic
conditions were better suited for virtual management,
particularly if patients had already been diagnosed and had an
established medical plan. Blood pressure and blood sugar
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38826 | p.781
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management were characterized as 2 examples of chronic
conditions that may be easily managed using virtual care.
Elaborating on this observation, a spinal cord provider explained
as follows:

virtual care candidates. However, providers noted that they felt
more comfortable offering virtual care when the patients had
been recently seen by other providers within the medical system
and for whom extensive notes were available.

Most of the time, you cannot [make a diagnosis]
without laying hands on the patient. But [when it’s]
just blood pressure management, blood sugar
management, you don't have to have a patient
face-to-face encounter. You can do only virtual.

Patient Factors Impacting the Decision to Use Virtual
Care

Need for Additional Tests or Labs
Conditions that required lab draws or imaging to accurately
diagnose were described as difficult to manage. The providers
noted that patients who were able to have tests performed prior
to their virtual visit were much more likely to have a productive
visit, but because tests are often completed at the time of the
in-person visit, previsit workups were reportedly uncommon.
Hence, the providers noted that if a patient needed lab tests,
additional virtual visits were often necessary to complete their
assessments and ultimately make a diagnosis.

Changes in Health Status
The providers noted that patients who reported changes in
clinical status and overall well-being were less appropriate for
virtual care. These changes often signaled to providers the need
for a comprehensive, in-person physical examination rather than
a virtual exam. Some examples of health status changes that
clinicians felt warranted an in-person visit included unexpected
weight gain or weight loss and fluctuating or inconsistent
symptoms accompanying a diagnosed chronic condition. For
example, a cardiologist noted the following:
[If] I have a visit with a patient that’s either a
telephone or a [video visit] and identify that there
are some factors that are starting to concern me——in
general it’s weight, shortness of breath, new
symptoms that I wish I could have a physical exam
or be able to examine the patient—then I will follow
those telephone visits … with an in-person visit
generally in the next couple of weeks and sometimes
more urgently.
Conversely, the providers indicated that patients who reported
a stable and consistent health status made for better candidates
for virtual care.

New Patients and Individuals With No Recent Visit
Providers across all specialties maintained the view that first
visits and new patients should be seen in person if possible.
This view held steady despite the wide variety of conditions
being assessed and treated among the providers who participated
in the interviews. For example, a physician who treats patients
with spinal cord injury stated the following:
In terms of pain, you have to have at least the first
encounter in person, because you have to do a special
test, you have to examine to see specificity, to palpate,
to see joints, range of motion.
Additionally, patients who had not been seen in person for an
extended period (2 or more years) were considered less ideal
https://www.jmir.org/2022/8/e38826
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While the providers largely focused on the clinical needs and
circumstances of patients when determining whether a virtual
visit would be appropriate, they also described several
patient-related factors that influenced decision-making,
including a patient’s ability to articulate their symptoms and
needs, ability to use the technology associated with virtual visits,
general preferences for in-person visits, and access to a caregiver
to assist with the virtual visit.

Ability to Articulate Symptoms or Needs
The providers explained that patients who were able to
communicate their symptoms or needs in a robust and reliable
way made for the best virtual visit candidates. Patients who had
challenges describing their symptoms, difficulty recalling the
timing of certain events or the onset of specific symptoms, or
challenges describing physical changes or abnormalities left
providers less confident in their virtual assessments. For
instance, a primary care provider described how she imparts
this advice to residents:
I tell the residents as we’re seeing patients, one of
our first decisions to make is, “Can I safely continue
this visit in this fashion, or is there no way I’m going
to get enough data by history that I can end at a point
where I feel like I’ve safely cared for the patient?”
The providers admitted that relying on patients’ accounts rather
than their own hands-on assessments required a comfort level
with virtual assessments, which often took time to develop. In
response to this, the providers noted that they had to hone their
history taking skills to feel confident with the information
patients were relaying to them.

Availability and Accessibility of Technology
The providers indicated that patients needed both personal
technology (eg, home computer, tablet, or smart phone) and
reliable broadband access to participate in virtual visits. They
described many instances of initiating virtual encounters with
patients, only to discover that the video or sound quality was
poor, and subsequently wasted valuable clinical time
troubleshooting these technology-based problems with patients.
In such cases, they would either try to follow up by telephone
or simply reschedule in-person visits. The providers also noted
that individuals with specific clinical or physical characteristics
frequently had challenges with virtual visits (eg, older patients
with cognitive disabilities such as dementia or patients who
experienced sensory loss, namely hearing and visual
impairments). A quote from a primary care provider illustrates
this point:
Like hearing can become a huge problem. If hearing
difficulties are too severe, it's really hard to have an
appropriate visit. There's something with the tech,
the video that I feel like people just can't hear you as
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38826 | p.782
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well. I'm not sure if it's the delay and it throws off the
mouth reading or something.
However, despite these challenges, the providers cautioned
against assuming that all older patients or patients with sensory
loss were inappropriate for virtual care, since they could think
of many exceptions to this general observation.

Access to Caregiver Assistance
Finally, the providers noted that having another individual
available to assist the patient, typically a caregiver or family
member, increased their likelihood of conducting a virtual visit.
Particularly among patients with mobility issues, sensory loss,
or cognitive impairment, a caregiver was often able to help the
veteran troubleshoot technology issues, assist with physical
exam maneuvers, or help capture images providers needed to
fully assess the patient. Underscoring this point, a palliative
care provider explained how they suggest involving caregivers
in assessing pain in areas that may be difficult for patients to
reach:
I always ask the patient “Does it hurt to touch?” And
if there's a spouse or another person or a family
member or any other person there, I might ask them
to touch it.

Preferences Regarding Virtual Visits
The providers reported that some patients preferred in-person
visits to virtual visits and were therefore reluctant to engage
through virtual care if an in-person visit could be conducted in
a timely manner. They noted that some patients crave
face-to-face interactions with their providers and report that the
video format fails to replicate that connection. For others, this
preference was also attributed to a lack of digital literacy skills
and inadequate patient support to help facilitate their use. With
additional instruction and digital familiarity, some of these
patients could grow more accepting of virtual care.
Nevertheless, the providers speculated that patient’s preferences
were unlikely to change and that they would continue to opt for
in-person visits when given the choice. For instance, a primary
care provider reflected as such:
My perception of my patients is they're not entirely
comfortable never seeing me in person, especially
new patients who I've never met. I think most of them
feel like, “I'd like to meet you at some point.” I think
that's always going to be a need there.
In these scenarios, the providers noted that they would often
comply with patients’ preferences and opt to see the patient in
person rather than virtually. The COVID-19 pandemic, however,
necessitated at times that visits be virtual, even when patients
preferred in-person care.

Provider Factors Impacting the Decision to Use Virtual
Care
While playing less of a role in real-time decision-making around
virtual care, the providers also described how factors related to
their own acceptance of and comfort with virtual care modalities
impacted their decision-making. In addition, they noted that
acquiring training on how to assess patients virtually would
https://www.jmir.org/2022/8/e38826
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likely lessen their discomfort and encourage them to provide
virtual care more often and to more patients with diverse clinical
needs.

Comfort With and Acceptance of Virtual Technology
First, the providers argued that assessing patients virtually
required a general acceptance of the format and a recognition
that it necessitates a different approach to patient assessment
and evaluation. While the providers in our sample largely
appreciated virtual care, they described colleagues who lamented
the shift to virtual care and found it challenging to adapt their
clinical care to the new format. This acceptance provided a
foundation for providers to improve their virtual diagnostic
skills and increase the likelihood of engaging in a virtual visit
with a patient. A primary care provider elaborated on this point
as follows:
You have to accept the strengths and deficits of video
[visits] and don't try to make it into a total
replacement for a face-to-face visit, because if you're
more comfortable listening to their symptoms,
listening to what they tell you and they can relate to
you pretty well how much edema they have and where
it was before, and if you accept that, then you can get
more done.

Virtual Physical Exam Skills
In most instances, the providers described learning to provide
virtual care as a process of “just figuring it out,” while also
drawing on the fundamentals of their clinical training. In this
process, many acquired new skills and adopted new strategies
for conducting virtual physical exams, including asking patients
to engage in specific maneuvers or provide information not
typically asked for in a face-to-face visit. The providers
described how conducting virtual exams increased their
awareness of the observations they make about patients and
their physical health during in-person exams. Virtual exams
required deliberate attention to those missing elements. For
example, one primary care provider explained:
You're assessing the speed they're getting up and
moving around, so you have to make sure to ask them
to walk around. And so, I think that there is a
potential to miss things if you haven't gone through
the process of saying, okay, what are the things that
I'm likely to miss as a provider given this particular
modality, and then how can I try to counter those with
just some things on your internal checklist that you
want to make sure to ask about?
In this last example, asking patients to stand and walk around
while on video was one way to assess gait and movement. The
providers’ confidence in and acquisition of these skills increased
the likelihood that they would opt to treat and assess a patient
virtually.

Discussion
Principal Findings
In this qualitative study of VA providers, we found that a
complex set of clinical, patient, and provider factors influences
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38826 | p.783
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a provider’s decision about whether to provide care virtually or
in person. Many of the providers in our study referenced
scenarios where virtual visits had already been scheduled and
initiated, but through examination of patients, they realized an
in-person visit would be more clinically appropriate. Such
instances added an additional visit for both patients and
providers, contributing to potential waste and redundant services.
This highlights the value for providers of knowing a priori which
scenarios and which patients might be more appropriate for
virtual care. Here, we detail several ways that these findings
may be used to optimize the use of both virtual and in-person
care.
First, the providers noted that, in many cases, a high-quality
virtual visit requires some collection of information or data from
the patient. As the providers have made the leap to virtual care,
many have mourned the loss of data that would be more easily
accessible in a traditional in-person visit, such as vital signs and
physical exam findings [18]. Some providers have found
solutions in home devices such as blood pressure cuffs, blood
glucose monitors, pulse oximeters, and scales, all of which can
help them to form a more complete picture of patients’ vital
signs and other important information for decision-making
[19,20]. The increasing availability of wearable and other
patient-facing digital technologies, including exercise monitors
(eg, FitBits and Apple Watches), smartphone-associated portable
electrocardiograms, and home-based lab testing may offer
additional opportunities to collect key information outside the
in-person visit, although there is still a need for evidence about
the reliability and consistency of data in different circumstances
[21,22]. Augmenting a virtual visit with these technologies may
mitigate the risks that the providers in our study noted when
they must rely on imperfect or incomplete patient-provided
histories.
Second, specific skills and training are required to conduct
effective virtual visits and spare providers from “figuring it out
as [they] go.” Several efforts are underway to develop and
disseminate training and instruction on virtual care and to
integrate these domains into standard medical school and
residency curricula [7,23]. Additional training resources should
target mid- or later-career clinicians, since they are less likely
to be exposed to interventions geared toward medical trainees.
The American Medical Association as well as other
organizations and societies have developed resources to help
clinicians build telemedicine physical exam skills [24] and
communication skills such as “digital empathy” [25]. These
resources include guidebooks as well as informational webinar
series and videos. Others have created helpful guides for
conducting patient-assisted physical exams [26].
Third, there is a need for guidelines to help determine whether
a specific visit should be scheduled in person or virtually. The
providers largely maintained that patients without recent visits
or presenting with new or higher acuity problems might not be
best served by virtual visits. Both for building patient rapport
and for ensuring a more complete mental model of a patient’s
condition, it may well be best for an initial patient visit to occur
in person for most patients and clinical situations [25]; some
have suggested newly diagnosed patients should always be seen
in person, at least initially, until medication regimens can be
https://www.jmir.org/2022/8/e38826
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safely established [27]. Nevertheless, there is mounting evidence
that with proper training and protocols in place, even high-acuity
clinical circumstances can be safely assessed virtually and may
even decrease overall rates of emergency care use. For example,
Wray et al [28] demonstrated how a “tele-urgent care program”
that provided care for a variety of clinical scenarios was safe,
effective, and led to the decreased use of emergency
departments. Such findings may provide further confidence to
virtual care providers that virtual care can provide safe access
to care in a variety of clinical scenarios.
Finally, attention to equity is needed to ensure that all patients
have opportunities to build digital literacy skills [29], have
access to the technology and receive the support they need to
participate in virtual visits. Failure to attend to these issues may
contribute to further inequity in health care provision and
outcomes [30]. Health care organizations have attempted to
respond to this digital divide in a variety of ways. For instance,
the VA initiated a tablet distribution program, in which at-risk,
high-need patients are provided with video-enabled tablets
equipped with internet service. This program has resulted in
improved access and continuity of care, with high satisfaction
rates among Veterans [31,32]. In addition, studies have found
that providing patients with hands-on instruction on how to use
new technologies may further ameliorate a lack of digital literacy
skills [33]. Moreover, functional limitations (eg, loss of eyesight
and hearing as well as dementia) also created barriers to patients’
use of virtual care in this study. Incorporating principles of
universal design, which advocates for designing products and
services that can be used by all individuals to the greatest extent
possible, may abet some of these issues and ensure accessibility
for all patients [30,34,35].
Even with the array of tools and strategies described above, it
is unlikely that all combinations of providers, patients, and
clinical scenarios will ultimately prove ideal for virtual care.
Given the dramatic expansion of virtual care since the onset of
the COVID-19 pandemic, the existence of virtual care is
effectively a foregone conclusion; what is essential to uncover
at this stage is how and when to best use the various visit
modalities at provider and patients’ disposal. The observations
providers shared in this study are useful for generating
hypotheses on how to integrate virtual and in-person care.

Limitations
This study has several limitations. First, the sample was limited
to providers at the VA; thus, provider experiences may not apply
to other settings, particularly those with different reimbursement
models. Fee-for-service systems, the predominant mode of
health care delivery in the United States, may reimburse virtual
visits differently from in-person visits and pose additional
incentives or disincentives to use virtual care. However, we
were able to assess a broad array of providers across a variety
of geographic regions, improving the transferability of our
findings. Second, this qualitative study about provider
perceptions does not assess the impact of these factors on quality
of care and patient outcomes, which would provide value in
discussions about the degree to which these criteria should
inform guidelines and protocols. For example, while the
providers noted that remote monitoring devices and other
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38826 | p.784
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technology increased their comfort and confidence in virtual
examination, the actual impact of this factor on quality and
safety of care warrants further evaluation. A final and perhaps
most significant limitation is that this study does not assess
decision-making in real time and instead relies on providers’
reflections on their decisions, an inherent limitation of
qualitative interviews. Though challenging to carry out, direct
observations of clinical practices may offer a more realistic
account of provider decision-making around virtual care.

Gray et al

Conclusion
This qualitative study found that providers within the VA
consider a complex array of factors when deciding whether to
offer or continue with a virtual visit. Clinical factors were the
most dominant, but patient and provider factors also influenced
the decision process. These findings can inform health system
policies to ensure accessible, high-quality care, as well as policy
maker considerations when adjudicating reimbursement levels
for virtual care visits. Further development of tools, resources,
and guidelines is needed to facilitate real-time provider
decision-making about when to offer a patient virtual care.
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Abstract
Background: Musculoskeletal disorders negatively affect millions of patients worldwide, placing significant demand on health
care systems. Digital technologies that improve clinical outcomes and efficiency across the care pathway are development
priorities. We developed the musculoskeletal Digital Assessment Routing Tool (DART) to enable self-assessment and immediate
direction to the right care.
Objective: We aimed to assess and resolve all serious DART usability issues to create a positive user experience and enhance
system adoption before conducting randomized controlled trials for the integration of DART into musculoskeletal management
pathways.
Methods: An iterative, convergent mixed methods design was used, with 22 adult participants assessing 50 different clinical
presentations over 5 testing rounds across 4 DART iterations. Participants were recruited using purposive sampling, with quotas
for age, habitual internet use, and English-language ability. Quantitative data collection was defined by the constructs within the
International Organization for Standardization 9241-210-2019 standard, with user satisfaction measured by the System Usability
Scale. Study end points were resolution of all grade 1 and 2 usability problems and a mean System Usability Scale score of ≥80
across a minimum of 3 user group sessions.
Results: All participants (mean age 48.6, SD 15.2; range 20-77 years) completed the study. Every assessment resulted in a
recommendation with no DART system errors and a mean completion time of 5.2 (SD 4.44, range 1-18) minutes. Usability
problems were reduced from 12 to 0, with trust and intention to act improving during the study. The relationship between eHealth
literacy and age, as explored with a scatter plot and calculation of the Pearson correlation coefficient, was performed for all
participants (r=–0.2; 20/22, 91%) and repeated with a potential outlier removed (r=–0.23), with no meaningful relationships
observed or found for either. The mean satisfaction for daily internet users was highest (19/22, 86%; mean 86.5, SD 4.48; 90%
confidence level [CL] 1.78 or –1.78), with nonnative English speakers (6/22, 27%; mean 78.1, SD 4.60; 90% CL 3.79 or –3.79)
and infrequent internet users scoring the lowest (3/22, 14%; mean 70.8, SD 5.44; 90% CL 9.17 or –9.17), although the CIs overlap.
The mean score across all groups was 84.3 (SD 4.67), corresponding to an excellent system, with qualitative data from all
participants confirming that DART was simple to use.
Conclusions: All serious DART usability issues were resolved, and a good level of satisfaction, trust, and willingness to act on
the DART recommendation was demonstrated, thus allowing progression to randomized controlled trials that assess safety and
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effectiveness against usual care comparators. The iterative, convergent mixed methods design proved highly effective in fully
evaluating DART from a user perspective and could provide a blueprint for other researchers of mobile health systems.
International Registered Report Identifier (IRRID): RR2-10.2196/27205
(J Med Internet Res 2022;24(8):e38352) doi:10.2196/38352
KEYWORDS
mobile health; mHealth; eHealth; digital health; digital technology; musculoskeletal; triage; physiotherapy triage; usability;
acceptability; mobile phone

Introduction
Background
Musculoskeletal disorders (MSDs) are prevalent across all ages,
have shown an increase in the global disease burden over the
past decade [1-3], and are associated with increased life
expectancy and reduced activity [4,5]. MSDs are leading
contributors to years lived with disability, early work retirement,
and reduced ability to participate socially [5]. In many countries,
they present the most significant proportional reason for lost
productivity in the workplace, leading to significant impacts on
the Gross Domestic Product and health care costs [6,7].
In the United Kingdom, the MSD burden of care poses a
significant financial challenge to the National Health Service
(NHS), costing £4.76 billion (US $3.84 billion) of resources
and using up to 30% of primary care physician visits annually
[8,9]. A freedom of information request has revealed that the
average waiting times for NHS musculoskeletal outpatient
physiotherapy services exceeded 6 weeks in the year to April
2019, with some patients waiting 4 months for routine
physiotherapy appointments [10]. Longer waiting times can
result in delays to physiotherapy services, with detrimental
effects on pain, disability, and quality of life for waiting patients
[11,12], highlighting the need for a targeted policy response
[3,13].
Reducing inconsistency in clinical pathway delivery, including
unwarranted secondary care consultations and investigations,
forms part of the “Getting It Right First Time (GIRFT)” national
program implemented within the UK NHS and has demonstrated
cost reduction across the musculoskeletal pathway, particularly
relevant in overburdened health care systems [14]
Musculoskeletal triage as a single point of entry is effective in
improving user satisfaction, diagnostic agreement,
appropriateness of referrals, and reduction in patient waiting
times [15], where it has been demonstrated to be effective using
several methods by a range of clinicians [16-18]. However,
using clinicians to provide MSD triage carries its own challenges
[19].
Mobile health (mHealth), defined by the World Health
Organization as a medical or public health practice that is
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supported by mobile devices [20], has seen rapid evolution and
adoption, and currently, smartphone apps have the potential to
make the treatment and prevention of diseases cost-efficient
and widely accessible [21,22]. Optima Health has developed
the mHealth Digital Assessment Routing Tool (DART)
specifically for triaging MSDs, delivering a narrower but deeper
assessment than that found with more generic symptom
checkers. A digital alternative to clinician-led triage, which is
able to replicate the same stratification of care and reduction in
costs, is a desirable objective, although some mHealth tools
have not demonstrated cost-effectiveness or have merely shown
a shift in spending to another part of the health system [23]. It
is also recognized that many mHealth apps fail to scale up from
a prototype to successful implementation, with inattention to
usability during the design and testing phases being identified
as a potential cause of the high abandonment rate [24-27].
Although acknowledging usability is crucial in the design,
development, testing, and implementation of mHealth apps
[28-32], a consistent approach to testing has not yet been
established, with researchers using a combination of different
study methodologies [33].
An iterative, convergent mixed methods design was used to
assess the usability of DART, using cyclical evaluation and
improvement plus mixed methods to provide richness while
quantifying use, maximizing usability, and therefore supporting
system adoption [34]. The testing protocol for this study has
been described in detail in a previous publication [35].

DART Overview
DART is a first contact mHealth system comprising an algorithm
distinguished by 9 body areas, providing the patient with a
recommendation for the most appropriate level of intervention
based on their responses (Figure 1). Screening for serious
pathologies is completed at the start of the assessment, with less
urgent medical referrals being identified as the patient passes
through the questioning. The referrals recommended by the
algorithm are configured to match the service provider’s local
MSD pathways. DART typically signposts emergency or routine
medical assessments, specific condition specialists,
physiotherapy, self-management programs, and psychological
support services.
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Figure 1. The Digital Assessment Routing Tool mobile health system.

Integration of DART with the provider’s clinical record system
means that assessment data and recommendations can be made
instantly available to the receiving clinician. Using a link on
the clinical provider’s website, DART can be accessed 24/7
using a mobile device or computer, directing users to care at an
earlier stage of their injury than would be possible via a

traditional clinician-led triage process (Figure 2). Alternatively,
DART can be delivered over the telephone by a nonclinician.
Reduction in treatment waiting times and reallocation of triage
clinical resources to more complex assessments and management
could hold significant benefits for the user and health care
system.

Figure 2. Integration of the DART mobile health system within an existing musculoskeletal disorder pathway. DART: Digital Assessment Routing
Tool.

Previous Work
This usability study is part of a larger project, bringing DART
from concept to implementation through a series of clinical and
academic research work packages. Clinical algorithm validity
https://www.jmir.org/2022/8/e38352
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was assessed by a panel of clinical experts using vignettes
incorporating common MSD presentations, as well as red flags
and complex presentations, with the panel deeming the validity
to be sufficient to allow DART to proceed to further research
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studies. The protocol devised for this usability study went
through a series of iterations within an internal review process,
comprising the research project team and DART system
developers to arrive at the final version [35]. The objective of
this study was to optimize usability before evaluating the safety
and effectiveness of DART through a randomized controlled
trial, the pilot protocol for which has been published [36].

Methods
Study Design
This study used an iterative, convergent mixed methods design,
the protocol for which has been published elsewhere [35]. Step
1 involved in-depth interviews with 5 participants to identify
key usability issues, followed by step 2, where group sessions
captured greater diversity of data from a potential DART user
population (Figure 3). Quantitative data collection was defined
by the constructs of effectiveness, efficiency, and satisfaction

Lowe et al
within the International Organization for Standardization (ISO)
9241-210-2019 standard [30] and provided researchers with a
focus for qualitative data collection during both steps.
Accessibility was monitored throughout the testing process
following the principles described in ISO 30071-1-2019 for
embedding inclusion within the design process [31]. Mixed
methods data collection and analysis continued cyclically
through all rounds of testing until the fourth DART mHealth
system iteration was found to perform according to the agreed
criteria and the study end points of all grade 1 and 2 usability
problems being resolved, as well as a mean System Usability
Scale (SUS) score of ≥80, were achieved. The relationship
between the likelihood to recommend a system and the mean
SUS score has been found to be strongly correlated, and a score
of ≥80 was chosen as a study end point as achievement of this
threshold is considered to increase the probability of users
recommending the system to a friend, therefore positively
affecting adoption [37].

Figure 3. DART usability study iterative, convergent mixed methods design. New participants were recruited for each testing round. Participants raising
specific issues in previous rounds were invited individually to review and provide feedback on changes. DART: Digital Assessment Routing Tool;
eHEALS: eHealth Literacy Scale; ISO: International Organization for Standardization.

Participant Recruitment
A stratified purposive sampling method was used to gather
information from participants by using a sampling matrix and
quotas [38], categorized by participant age, internet use, sex,
https://www.jmir.org/2022/8/e38352
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and English for speakers of other languages (ESOL) groups—all
of which are subgroups that have shown to contribute small
differences in internet use [39]. For this study, “daily internet
users” were defined as individuals who access the internet every
day or almost every day, and “infrequent internet users” were
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those who were not daily users but had accessed the internet
within the past 3 months [39]. Recruitment was conducted via
flyers and emails to local community groups, Optima Health’s
existing client base of employers and staff, and Queen Mary
University of London students, as well as via social media. In
the latter stages, snowballing yielded participants with
characteristics of interest; study recruitment continued
throughout the study process until the study end points were
reached. Potential participants expressing an interest were sent
a patient information sheet and consent form and had the
opportunity to review this material before consenting to join
the study. A total of 33 individuals expressed an interest in
participating, of whom 22 (67%) enrolled in the study after
meeting the screening criteria.

Inclusion and Exclusion Criteria
The study participant inclusion criteria were as follows: (1)
adults aged >18 years; (2) able to speak and read English; (3)
living in the United Kingdom; (4) accessed the internet at least
once every 3 months; (5) access to a smartphone, tablet, or
laptop; and (6) current or previous experience of a
musculoskeletal condition.
The study participant exclusion criteria were as follows: (1)
significant visual or memory impairment sufficient to affect the
ability to answer questions and recall information in an
individual or group discussion setting; (2) medically trained
musculoskeletal health care professional, such as a physician

Lowe et al
or physiotherapist; (3) relatives or friends of the researchers;
and (4) Optima Health employees.

Data Collection
Following the attainment of consent, participants completed a
short questionnaire, including the eHealth Literacy Scale
(eHEALS) [40], to provide demographic data and were given
instructions by the researcher on how to log into the DART
system test site. The first 5 participants in step 1 attended
one-on-one video call interviews lasting up to 60 minutes where
they could choose up to 3 existing or previous musculoskeletal
conditions to complete assessments while being encouraged to
give feedback using the concurrent think-aloud method [41].
Participant choice was not limited to specific body sites as
usability features were synonymous across all 9 body sites. The
participants in step 2 tested DART individually and then
attended 30-minute video call group discussion sessions
facilitated by the researcher.
Assessing DART performance using satisfaction scales alone
was not considered adequate; thus, data collection parameters
were defined using the ISO constructs (Figure 4). Following
their DART assessments, all participants completed a
questionnaire and the SUS [42-44]. The researcher
(physiotherapist with postgraduate MSD qualifications) assessed
the clinical accuracy of the DART recommendation based on
the diagnosis the participant had been given by their treating
clinician. Quantitative data were also taken from the DART
system itself.

Figure 4. Data collection methods used to assess DART performance against the International Organization for Standardization 9241-210-2019 and
International Organization for Standardization 30071-1-2019 standards constructs of effectiveness, efficiency, and satisfaction [30] and accessibility
[31]. DART: Digital Assessment Routing Tool.
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Quantitative data aligned to the ISO 9241-210-2019 standard
constructs were generated from participant questionnaires and
DART system data, as shown in Figure 4. These informed the
researcher’s qualitative data collection, aided by the use of a
visual joint display, merging both types of data to illuminate
not only usability problem themes but also potential system
improvements (Multimedia Appendix 1). Qualitative data
recorded during the interviews and group sessions were
transcribed verbatim using the Otter transcription software
(Otter.ai; automated video and audio transcription software)
and checked for accuracy against the original recording. During
group sessions, previous usability problems were introduced to
participants to assess the impact of changes made to the previous

Lowe et al
iteration. In addition, users who raised specific issues in previous
rounds were invited individually to review and feedback on
changes. In addition to usability problems, any participant
feedback on accessibility or positive aspects of DART was
recorded.
Data analysis occurred after each round of testing and leveraged
the strengths of the convergent mixed methods design to identify
usability issues and inform the changes required for subsequent
DART iterations (Figure 5). Of particular importance was the
thematic analysis of qualitative data provided by real-world
users, which ensured their views were included in the DART
system development to improve usability.

Figure 5. The convergent mixed methods design, where both data types are collected simultaneously to allow the analysis and grading of usability
problems, thus informing the next system iteration.

Data analysis was performed to identify the overall satisfaction
score and differences between groups (mean score, SD, and
confidence level [CL]). Statistical analyses examined the
relationship between participant age and eHealth literacy using
Pearson correlations.
Restrictions imposed during the COVID-19 pandemic led to all
data collection sessions being conducted remotely using
Microsoft Teams videoconferencing software and web-based
questionnaires.

Ethics Approval
This study received approval from the Queen Mary University
of
London
Ethics
of
Research
Committee
(QMREC2018/48/048) in June 2020.

Data Analysis
Extending the convergent mixed methods design from data
collection to analysis, the reporting used a weaving approach
where usability problems were brought together on a
theme-by-theme basis and presented through joint displays [45].
Quantitative data from web-based questionnaires and measures
of efficiency from the DART system were analyzed and reported
to identify key usability issues. Participant SUS raw scores were
converted and analyzed by groups of specific interest (daily
https://www.jmir.org/2022/8/e38352
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internet users, infrequent internet users, and ESOL), and the
amalgamated mean score across all participants was converted
into a percentile score to provide benchmarking against other
web-based systems [46].
To minimize bias, quantitative data were collected by an
independent researcher during the initial 5 semistructured
interviews, and web-based questionnaires were used for the
group sessions. Using a thematic analysis approach, qualitative
data derived from transcripts of interviews and group sessions
were reviewed and analyzed systematically by the 2 researchers
independently. Patterns and clusters of meaning within the data
were identified and labeled according to the area of system
functionality. Data not directly related to the overall research
question were excluded. The 2 researchers then worked together
to agree and create a thematic framework with higher-order key
usability themes able to address the research objective [47,48].
Data were indexed into usability problems of key importance
to the study and quotes extracted for each subtheme, thus
providing the details required to make the system changes
needed to remove or mitigate grade 1 and 2 usability issues.
The researchers, working independently initially and then
together, arrived at a consensus and allocated a problem severity
grade to each usability problem. This was obtained by
considering the impact and frequency of the problem, leading
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to a decision on the risk of not addressing the problem versus
the reward of correcting it [49] (Table 1). Once problems had
been graded, matched system developments were passed to the
DART system developers to guide the next iteration. Actions
to address all grade 1 and 2 usability problems were completed

for the next iteration, together with closely associated grade 3
and 4 problems if they fell within the scope of the development
work. All usability problems remained on record and were
reassessed after each round and, if necessary, regraded. Positive
feedback about the system was also reported.

Table 1. Usability problem grading criteria, adapted from guidance issued by The Food and Drug Administration [49].
Grade

Impact

Frequency

Implications

Action

1

High

High, moderate, or
low

Prevents effective use of the system

Address in next study iteration

2

Moderate or low

High or moderate

Affects the quality of system delivery

Address in next study iteration

3

Moderate or low

Low or moderate

Minor issues for several users or a small num- Document and address in later development
ber of users highlighting concerns important
to them

4

Low

Low

Small issues that, if resolved, could improve
user satisfaction

Statistical Analysis
The relationship between participant age and eHealth literacy
was analyzed using Pearson correlations in Microsoft Excel (a
spreadsheet with statistical analysis functionality) to identify
user groups less likely to use DART successfully.
Differences in satisfaction scores were present between groups,
with expert internet users having the highest mean score (mean
86.5, SD 4.48; 90% CL 1.78).

Results
Overview
A total of 22 participants were enrolled and completed the study
(Table 2). The first testing round comprised 23% (5/22) of
participants who completed qualitative “think-aloud” data

Document and address in later development

collection led by a researcher familiar with the system and with
training in the use of the method. It has been suggested that this
relatively small number of participants is sufficient to expose
75% of usability issues, including all catastrophic problems,
with further testing of subsequent iterations using new
participants to identify less serious problems [50]. This proved
to be the case, and data sufficiency was achieved. This was
supported by a narrow study aim and the quality of dialog with
the first 5 participants. The final sample size was not predefined
and was re-evaluated after each round of results [51].
There was representation from all the groups of interest;
however, not all quotas were met, and small sample sizes,
especially infrequent internet users, resulted in a skew of data
in favor of daily internet users. This compromised detailed
statistical analyses across groups (Table 3).

Table 2. Participant characteristics (N=22).
Characteristic

Daily internet users

Infrequent internet users

ESOLa,b

All groups

Total sample, n (%)

19 (86)

3 (14)

6 (27)

22 (100)

Values, mean (SD)

47.6 (15.7)

55 (11.4)

41 (8.5)

48.6 (15.2)

Values, range

20-77

47-68

31-55

20-77

Sex (male), n (%)

9 (41)

1 (5)

3 (14)

10 (46)

Values, mean (SD)

29 (8)

25 (4)

26 (12.3)

28.8 (7.8)

Values, range

8-38

21-29

8-37

(8-38)

Age (years)

eHEALSc score

a

ESOL: English for speakers of other languages.

b

All ESOL participants were also daily internet users.

c

eHEALS: eHealth Literacy Scale.
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Table 3. Recruitment matrix showing minimum quotas and number of participants recruited by characteristics of interest (N=22)a.
Characteristic

Daily internet user (n=19)

Infrequent internet user (n=3)

Quota

Enrolled, n (%)

Quota

Enrolled, n (%)

18-54

2-4

7 (37)

1-3

2 (67)

55-74

2-4

10 (53)

1-3

1 (33)

≥75

1-3

1 (5)

2-4

0 (0)

Male

Minimum 6

7 (37)

Minimum 4

1 (33)

Female

Minimum 6

10 (53)

Minimum 4

2 (67)

Non-ESOL

Minimum 6

15 (79)

Minimum 6

3 (100)

ESOL

Minimum 2

6 (32)

Minimum 2

0 (0)

Age (years)

Sex

ESOLb

a

Total study participants quota was 20.

b

ESOL: English for speakers of other languages.

We were interested to know whether the frequency of internet
use, age, eHealth literacy, or being a speaker of English as a
second language would affect DART usability, as these factors
have been highlighted as potential variables in mHealth adoption
[39]. There was a wide range of eHEALS scores across
participants (mean 28.8, SD 7.8; 95% CI 25.1-32.3), with the
highest score of 38/40 achieved by a daily internet user aged
27 years and the lowest score of 8/40 achieved by an ESOL
daily internet user aged 31 years. The oldest participant (aged

77 years) achieved a score of 37/40, and the youngest participant
(aged 20 years) scored 30/40.
The relationship between eHealth literacy and age, as explored
with a scatterplot and calculation of Pearson correlation
coefficients, was performed for all participants (20/22, 91%;
r=–0.2) and repeated with the potential outlier removed, as
indicated in Figure 6 in red (19/22, 86%; r=–0.23), with no
meaningful relationship observed or found for either.

Figure 6. Relationship between age and eHealth literacy scores across all participants. (eHEALS scores range from 0 to 40 scale, with higher scores
being better). eHEALS: eHealth Literacy Scale.

A total of 50 assessments were completed by the 22 participants
across a possible 9 body sites (Figure 7). The most frequently
chosen body site was the low back and pelvis (13/22, 26%),
followed by shoulder and knee (both 9/22, 18%). Two body
sites were not selected by participants for testing: chest and
https://www.jmir.org/2022/8/e38352
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upper back and elbow. Within a typical MSD triage service,
these are often the least occurring body sites. However, the
usability features are consistent with those of the other body
regions; thus, it is unlikely that any new problems would have
been identified through the selection of these pathways.
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Figure 7. Body sites selected by participants. The number of selections represents the total of the front, back, and either side of a given body site. The
Digital Assessment Routing Tool algorithms are designed to assess for musculoskeletal disorder conditions that occur or refer to pain in the selected
body site.

Usability Problems
A total of 19 individual usability problems were identified across
all 5 rounds of testing, of which 12 (63%) were initially
classified as grade 1 or 2. These grades were either reduced or
resolved over the iterations. DART iteration 4 was reviewed by
participants during testing round 4, and no grade 1 or 2 usability
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problems were found. This was validated during testing round
5, and the study end points were achieved (Figure 8).
Within the grade 1 and 2 usability problems, 3 main themes and
7 contributory subthemes were identified (Figure 9).
Over each of the 5 testing rounds, grade 1 and 2 usability
problems were discussed with the participants and regraded
(Table 4).
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Figure 8. Number of usability problems across testing rounds by grade. The incidence and problem grading changed over the 5 rounds of testing, with
grade 1 and 2 problems being negated or reduced to a lower grade. All grade 3 and 4 issues were documented, reviewed, and prioritized for future
Digital Assessment Routing Tool development.

Figure 9. Grade 1 and 2 usability problem themes and underlying subthemes. MSD: musculoskeletal disorder.
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Table 4. Grade 1 and 2 usability problem themes, subthemes, and participant quotes over 5 rounds of testinga.
Underlying theme and subthemes Usability problem grade of
subtheme (testing round)

Participant quotes

Theme 1: incorrect DARTb recommendation compared with expert opinion
Incorrect body site selected

Question inappropriately
triggering recommendation—systemic inflammatory disease and central nervous system condition

•
•
•
•
•

1 (1)
2 (2)
2 (3)
4 (4)
4 (5)

•

•
•
•
•
•

1 (1)
1 (2)
0 (3)
0 (4)
0 (5)

•

•

•

“If people are like me, they don't read things properly, especially at the beginning. Was there an option to start again, because people might mess up?”
[DART005]
“The only time that I felt slightly lacking in confidence was on the body site.
That was the only time I wasn’t sure the system would grab the information I
clicked.” [DART002]
“I think that came because I said that I'm stiff in the morning, that eight minutes
or whatever.” [DART006]
“So I read weakness, not severe weakness. So, I can stand on it and support my
weight, but it just hurts like hell, rather than not being able to support myself.”
[DART015]

Theme 2: lack of personalization affecting participants’ trust and intention to act
•
•
•
•
•

0 (1)
2 (2)
2 (3)
0 (4)
0 (5)

•

Impact of existing and previ- •
•
ous MSDc
•
•
•

2 (1)
0 (2)
0 (3)
0 (4)
4 (5)

•

Impact of mental health sta- •
tus
•
•
•
•

0 (1)
2 (2)
3 (3)
3 (4)
3 (5)

•

Recommendations not suffi- •
ciently personalized
•
•
•
•

4 (1)
2 (2)
0 (3)
0 (4)
0 (5)

•

Unable to select secondary
body site

•

•

•

•

“I think if I could have put more evidence in, then I’d be more likely to follow
the recommendation at the end because I think it was relevant to me.”
[DART006]
“I suppose you could differentiate slightly more between the source point of
the pain and the consequences for your other limbs like, you know, I knew very
well that it was bad at the back that was causing my inability to walk. So maybe
distinction between primary pain and a secondary or referred pain might be
useful.” [DART010]
“I don’t want to waste the GP’s time or my time waiting for an appointment to
be told what I already know. So, in my two cases, it wasn’t so much about diagnosis is more of an okay, this has returned. We know the course of action.”
[DART019]
“I wasn't sure whether sometimes we’re talking about what it’s like when it’s
really bad, or what it’s like in general.” [DART005]
“I think one way of making it better is also seeing how it affects someone psychologically as well. I think that this is something which can sometimes be
overlooked, but I think it's important to see how it is impacting on someone's
emotional wellbeing?” [DART001]
“When you seek sort of medical advice, or you have a condition that gives you
worry and anxiety, probably you expect a little bit more than just sort of selftreatment.” [DART016]
“I guess, it might need to be a little bit more personalized recommendations
depending on what people choose.” [DART001]
“I suppose the only thing that might dissuade people, would be that if they were
users of it, and it came up with the same sort of end page every time.”
[DART002]

Theme 3: participant difficulty in interpreting questions
Specific questions (work
status, previous treatment,
and comorbidities)

•
•
•
•
•

2 (1)
3 (2)
4 (3)
0 (4)
4 (5)

•

•
•

“You were distinguishing between people who were employed, and people who
are not employed. It just seemed to me as though there was quite a large category
of people lumped together in that one box and maybe it would be better to differentiate them a bit more, so that they did actually tick retired or they ticked
student” [DART010]
“Where you were asked whether you'd had surgery or physio, it just was rather
a broad question. I thought maybe it should have been a tick box for that to
show which one you’d had.” [DART004]
“You’re a little bit unsure about whether it’s really registered to your osteoporosis.” [DART010]

a

Usability problems were clustered into subthemes based on specific areas of DART functionality. Problem grades were reduced in severity over testing
rounds as problems were negated or reduced during DART iterations (grade 1 is the most severe, and grade 4 is the least severe).
b

DART: Digital Assessment Routing Tool.

c

MSD: musculoskeletal disorder.
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9241-210-2019 constructs (Tables 5, 6, and 7).

Table 5. Display of qualitative data by International Organization for Standardization 9241-210-2019 standard constructs (effectiveness, efficiency,
and satisfaction)a.
Construct and goal

Participant quotes

Construct 1: effectiveness
Assessment results for a recommendation being given

•

Assessment results for a correct clinical •
recommendation;
Assessment of whether the participant
would trust

•
•

“I found it really user friendly and I found I could read the questions quite quickly and just give
an answer and move on.” [DART018]
“I expected the area [selected body part] that I chose to change color, I would do it a different
color, red or something like that.” [DART005]
“It might be easier if you just say have a secondary field to sort of like give your secondary issues
as well. You know, sometimes it's just not, it's like the neck runs into the arm and lower parts, but
it can be different things as well.” [DART014]
“It might make people feel a bit more confident that they've done it right.” [DART015]

•

“I think if I could have put more evidence in, then I’d be more likely to follow the recommendation
at the end, because I think it was relevant to me.” [DART006]

Time taken to reach recommendation
(minutes)

•

“It was very quick. And I quite like that it has one thing for one page, which is a very short question,
it gives you a few options, and then you answer so you don't have to go through long text questions,
one after the other. So, it just takes you very quickly step by step. And it's quite, I don’t know,
for me, it was super easy and clear to answer questions.” [DART017]

DARTb system errors

•

“I found it really simple system to use very, very easy and had no problems at all.” [DART010B]

DART system backsteps

•

“That was a question about whether I’d been off work for a long time and if I’m employed or selfemployed, something that I didn’t find quite straightforward.” [DART020]

•

“If I had this actual system, I would have saved £150 in cash and probably three months of pain
had I been able to access it when I had my problems with my back.” [DART013]
“It’s done me a favor actually, because I was in two minds whether to try and get a private injection,
whether to go to an osteopath or physio. I think it might save me money in the long run.”
[DART014]

Assessment of whether the participant
would act upon
Construct 2: efficiency

Construct 3: satisfaction
System Usability Scale score per round

•

a

Participant quotes provide a deeper understanding of system performance and usability problems.

b

DART: Digital Assessment Routing Tool.
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Table 6. Display of quantitative data by International Organization for Standardization 9241-210-2019 standard constructs (effectiveness, efficiency,
and satisfaction) over 5 testing roundsa.
Construct, goal, and testing round

Result

Construct 1: effectivenessa
Assessment results for a recommendation being given; participants in testing round achieving construct theme (%)
Round 1

13 (100)

Round 2

11 (100)

Round 3

11 (100)

Round 4

10 (100)

Round 5

5 (100)

Assessment results for a correct clinical recommendation; participants in testing round achieving construct theme (%)
Round 1

11 (85)

Round 2

5 (45)

Round 3

11 (100)

Round 4

10 (100)

Round 5

10 (100)

Assessment of whether the participant would trust; participants in testing round achieving construct theme (%)
Round 1

13 (100)

Round 2

9 (82)

Round 3

11 (100)

Round 4

8 (80)

Round 5

5 (100)

Assessment of whether the participant would act upon, n (%)
Round 1

12 (92)

Round 2

8 (73)

Round 3

11 (100)

Round 4

8 (80)

Round 5

4 (80)

Construct 2: efficiencyb
Time taken to reach recommendation (minutes)
Round 1
Values, mean (SD)

Not recorded

Values, range

Not recorded

Round 2
Values, mean (SD)

5.7 (5.35)

Values, range

1-18

Round 3
Values, mean (SD)

5.4 (4.54)

Values, range

1-15

Round 4
Values, mean (SD)

3.5 (1.5)

Values, range

1-5

Round 5
Values, mean (SD)
https://www.jmir.org/2022/8/e38352

XSL• FO
RenderX

7.4 (2.13)
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38352 | p.800
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Construct, goal, and testing round
Values, range

Lowe et al
Result
3-17

All groups
Values, mean (SD)

5.2 (4.44)

Values, range

1-18

DARTc system errors
Round 1

0

Round 2

0

Round 3

0

Round 4

0

Round 5

0

DART system backsteps
Round 1

1

Round 2

2

Round 3

2

Round 4

2

Round 5

6

Construct 3: satisfactiond
System Usability Scale score per rounde
Round 1
Values, n (%)

5 (23)

Values, mean (SD)

91.6 (4.23)

Margin of error

4.46 or –4.46

Round 2
Values, n (%)

6 (27)

Values, mean (SD)

87 (10.23)

Margin of error

12.72 or –12.72

Round 3
Values, n (%)

5 (23)

Values, mean (SD)

79.5 (16.91)

Margin of error

21.02 or –21.02

Round 4
Values, n (%)

2 (9)

Values, mean (SD)

78.8 (18.75)

Margin of error

N/Af

Round 5
Values, n (%)

4 (18)

Values, mean (SD)

78.8 (5.73)
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Construct, goal, and testing round

Result

Margin of error
a

9.11 or –9.11

Quantitative data show the number of participants in each round and the percentage that achieved the construct theme.

b

Time taken to complete an assessment (time taken to reach a disposition was not measured during round 1, as the “think-aloud” method of data capture
was prioritized at this stage); number of system errors where the participant was unable to navigate to the end of the assessment because of a system
technical error; backsteps where the participant moved back to the previous question.
c

DART: Digital Assessment Routing Tool.

d

System Usability Scale scores by round, group of interest, and across all groups.

e

Responses were scored on a 5-point Likert scale (1=strongly disagree and 5=strongly agree) and converted to a score of between 0 and 4, with 4 being
the most positive usability rating. Converted scores for all participants are multiplied by 2.5 to give a range of possible total values from 0 to 100. We
used 90% CI to allow the benchmarking of the overall DART System Usability Scale score with other studies using this value [46].
f

N/A: not applicable.

Table 7. System Usability Scale score per group for construct 3 (satisfaction) of the International Organization for Standardization 9241-210-2019
standard.
System Usability Scalea score per Daily internet users (n=19) Infrequent internet users
(n=3)
group

ESOLb internet users
(n=6)

All participants (n=22)

Values, mean (SD)

86.5 (4.48)

70.8 (5.44)

78.1 (4.60)

84.3 (12.73)

Margin of error

1.78 or –1.78

9.17 or –9.17

3.79 or –3.79

4.67 or –3.79

a

Responses were scored on a 5-point Likert scale (1=strongly disagree and 5=strongly agree) and converted to a score of between 0 and 4, with 4 being
the most positive usability rating. Converted scores for all participants are multiplied by 2.5 to give a range of possible total values from 0 to 100. We
used 90% CI to allow the benchmarking of the overall Digital Assessment Routing Tool System Usability Scale score with other studies using this value
[46].
b

ESOL: English for speakers of other languages.

Effectiveness
All assessments resulted in a recommendation. Other measures
of effectiveness improved over the DART iterations, culminating
in a high degree of efficiency being reached (Figure 10).
Of the 50 assessments, 8 (16%) resulted in an incorrect
recommendation being given, equating to a grade 1 usability
issue. Qualitative data revealed that the selection of the incorrect
body site at the start of the assessment was responsible for one
of these errors. A total of 7 inappropriate clinical escalations
were triggered by 2 specific screening questions for systemic
inflammatory disease (SID) and central nervous system
conditions. Both were reviewed against the evidence base,
rewritten, and incorporated into iteration 3. Subsequent testing
rounds, including inviting the participants who revealed this
problem to retest, confirmed that this usability issue was solved.
Participants said their trust and willingness to act would increase
if all their symptoms are considered, and this could be achieved
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by adding a text box on the body site page where they could
enter information about problems in other body areas. A related
theme was participants wanting to personalize their assessment
by adding additional information, and DART iteration 3 included
the addition of a free text box at the end of each page. This
improved both trust and intention to act, with all participants
during testing round 5 arriving at a correct recommendation
that they would trust, with just one assessment where the
participant said they would not act on the recommendation
related to their previous experience of their MSD resolving
spontaneously. A small number of participants felt that the lack
of personalization of the DART recommendation page made
them less likely to act on the advice. This was a result of a test
version being used for the study, containing a simple generic
recommendation rather than the detailed advice and next actions
that would be found on a production version. However, the
importance of this feedback was noted and will guide the final
DART version to be deployed.
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Figure 10. Combined measures of effectiveness by testing round. Results are displayed as the percentage of total assessments to allow comparison, as
there were different numbers of participants and assessments in each round. The percentage of assessments in each round resulted in a positive response
to the following queries: (1) whether a disposition was achieved, (2) whether it was a clinically correct disposition, (3) whether the participant would
trust the disposition, and (4) whether the participant would act on the disposition.

Quantitative indicators of efficiency remained high throughout
testing, reinforced by qualitative data.

System errors were defined as DART technical errors, such as
presenting the user with an error message or the system timing
out. No system errors were encountered during any testing
rounds.

Round 5 had a larger number of ESOL participants, and it was
noted the mean time for this group was slightly longer (6
minutes). The longest time (18 minutes) taken to complete an
assessment was by an ESOL participant (Figure 11). All
participants without exception said that the time taken to
complete an assessment was acceptable and that the format of
the questions was clear and supported their ability to make
decisions easily.

The number of times a participant moved back in the pathway
to review the previous question remained consistent across the
first 4 testing rounds, even with the introduction of participants
who used the internet less frequently and ESOL users. Backsteps
increased to 6 in round 5 and were linked to one of the ESOL
participants, who had the lowest recorded eHEALS score (Figure
12). He told us some of the questions were more challenging
to answer and required him to reread them.

Efficiency
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Figure 11. Efficiency (time to complete an assessment). Time taken for participants to complete assessments. A total of 16 participants completed 34
assessments in total across rounds 2 to 5. Time was not recorded in round 1, as participants were encouraged to use the “think-aloud” technique.

Figure 12. Measures of efficiency (backsteps) by testing round. Number of times a participant moved back a step in the question set to review their
previous question and response, with backsteps shown as a percentage of the total number of questions in the assessment.
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Satisfaction
Satisfaction was measured quantitively across all groups using
the SUS, with qualitative data providing deeper insights into
specific question responses. Although high levels of system
satisfaction were prevalent throughout testing, cumulative
satisfaction scores reduced with each round as infrequent

Lowe et al
internet users and ESOL participants were recruited (Figure
13). However, the final mean SUS score of 84.3 (SD 12.73;
90% CL 4.67) across all groups achieved the predefined study
end point of a score of ≥80, representing a “good” or better
system and associated with an increase in the probability that
users would recommend DART to a friend [37].

Figure 13. Measure of satisfaction by testing round. SUS: System Usability Scale.

Differences in mean satisfaction scores were present between
groups, with daily internet users scoring highest (19/22, 86%;
mean 86.5, SD 4.48; 90% CL 1.78 or –1.78), and nonnative
English speakers (6/22, 27%; mean 78.1, SD 4.60; 90% CL
3.79 or –3.79) and infrequent internet users scoring the lowest
(3/22, 14%; mean 70.8, SD 5.44; 90% CL 9.17 or –9.17),
although the CIs overlap.
Although care should be taken in examining individual SUS
item responses as external validity only exists on aggregated
scores [51], analysis of the highest scoring questions did reveal
some useful insights. All participant groups scored highest when
saying that they would not need to learn many things before
they could use DART. Both daily and infrequent internet users
agreed they would not need technical support to use DART,
with ESOL participants agreeing to a slightly lesser extent.
All groups did not feel they would use DART frequently or that
the functions in the system were well integrated. This was not
an unexpected finding as DART is intended for single-time use
to determine the correct level of intervention for the user’s MSD
and, therefore, would not be used frequently. In contrast to most
other mHealth systems, DART is not designed to provide an
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MSD intervention, with no requirement for the user to navigate
to additional features within the system.
Satisfaction adjectives were associated with each participant’s
individual total score to aid in explaining the results to
non–human factor professionals [52], with 91% (20/22) of
participant scores equating DART as a “good,” “excellent,” or
“best imaginable system.” The remaining 2 (8%) participants
rated DART as “fair,” with none rating it as “poor” or “worst
imaginable.”
Using the normalizing process described by Sauro [46], DART
ranks within the 96th to 100th percentile (SUS score 84.1-100)
of systems tested using the SUS, with an associated adjective
rating of “Excellent” [53]. Benchmarking of the DART SUS
score against the mean score of 67 (SD 13.4) from 174 studies
assessing the usability of public-facing websites utilizing the
SUS revealed that DART was among the highest scoring
systems assessed in this way [46].

Accessibility
Accessibility has been central to the design of the DART user
interface, and the Appian platform on which DART is
constructed includes features supporting accessibility for a wide
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38352 | p.805
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Lowe et al

range of users, including those with disabilities who use assistive
technologies such as screen readers.

usability reached a sufficiently high standard to proceed to
further safety and effectiveness trials.

DART’s simplicity of use was recognized in the qualitative data
by all participants from all groups, who felt that it was
sufficiently simple to use and liked the fact that all assessments
resulted in a disposition being given. This supports the theory
of a low barrier to entry for DART, provided users have internet
access:

Theme 1: Factors Leading to an Incorrect
Recommendation Being Given

It is so simple, its one most simple of the things,
websites, I've engaged with. [DART016]
It was very quick. And I quite like that it has one thing
for one page, which is a very short question, it gives
you a few options, and then you answer so you don't
have to go through long text questions, one after the
other. So, it just takes you very quickly step by step.
And it's quite, I don't know, for me, it was super easy
and clear to answer questions. [DART017]
We asked participants whether they could think of anyone who
may not be able to use DART:
I wonder how somebody like my mom's age would
cope with it and I actually thought there wouldn’t be
too many who wouldn’t.
One of the ESOL participants tested DART with the help of her
daughter, which she told us was her normal practice when she
needed to use the internet and common practice within her
community:
No it’s easy to do. My daughter is helping me. Little
bit, I understand most of the things, but little bit some
questions, what can I say? So, my daughter guides
me and help me. [DART012]
When asked how other ESOL users would use DART, she said
the following:
I think they need somebody's help, their partner or
their children, somebody, or some of their friends,
some can help them and then they can do it.
Overall, participants felt that DART would be easily accessible
to people who are familiar with using the internet but that a
telephone-delivered alternative would be required for some
users. Additional benefits of reducing the time to receiving a
diagnosis or treatment and financial savings were also
mentioned:
If I had this actual system, I would have saved £150
in cash and probably three months of pain had I been
able to access it when I had my problems with my
back. [DART013]

Discussion
Principal Findings
The use of the iterative, convergent mixed methods design
proved effective; rich data provided objective measures of
system performance together with identification of serious
usability problems and solutions by real-world users. The results
from this study indicate that through a series of iterations, DART
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Selection of the appropriate body site is crucial to driving
matched clinical algorithms within DART, and failure to do so
accounted for 8 incorrect recommendations. In addition,
participant confidence in DART being able to recognize their
body site selection was considered important to most
participants, being related to their wider trust in the system and
associated intention to act on the recommendation they received.
As a result, the body site diagram was refined across all
iterations.
A specific DART question designed to screen for SID triggered
false-positive recommendations for participants describing
mechanical pain. Correct identification of SID can be
problematic for primary care clinicians because of varied
symptom presentation and overlap with more common
osteoarthritic joint conditions [53-55]. A study using
patient-entered responses showed that osteoarthritis was
diagnosed in 38% of SID cases [56], a result that is clinically
significant, given the interdependency of early recognition of
SID, minimizing a poor patient outcome [57,58]. During DART
testing, these participants prioritized the presence of pain
characteristics of osteoarthritis over the hot and swollen multiple
joint symptoms presented in SID. This problem was addressed
by a detailed review of the literature on the differential diagnosis
of SID, rewriting, and inclusion of new questions within all
algorithms with associated linked age logic. Subsequent testing
rounds, including participants who revealed this problem,
confirmed success in negating this usability issue. The
implications of creating false positives are often underestimated,
with most symptom checker development taking a conservative
approach, resulting in systems typically being more risk averse
than health care practitioners [59-61]. However, the failure to
provide an accurate routing decision can affect user trust and
system adoption [62], as well as the creation of unnecessary
referrals to urgent or emergency services.

Theme 2: Impact of Assessment Personalization on
Participant Trust and Intention to Act on the Given
Recommendation
Personalization of assessments was perceived by some
participants as a key advantage of a patient-clinician triage
interaction over an mHealth system. It has been shown that lack
of personalization can affect trust and intention to act, with
implications for system adoption [63]. Our participants wanted
to “tell their story,” not feeling involved in the assessment
process unless they could provide information personal to them,
including entering details of secondary body site areas. It has
been estimated that 8% of patients with MSD presenting to a
primary care physician have a problem in >1 body site [64];
thus, an additional comment box was added to the body site
diagram page, inviting users to enter other problem areas,
something our participants said would address this problem.
In all but 1 assessment, participants who said they would trust
DART also said that they would act on the recommendation
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they were given. A direct correlate of eHealth user trust is
information quality, defined by knowledgeable, impartial, and
expert sources. These are important factors that lead users to
believe the system is acting in their best interest, as they feel a
clinician would do [65].
Trust factors have a significant direct effect on user intention
to act [66], a key requirement for successful DART introduction
into an MSD digital pathway and system adoption. However,
we found other factors may be at play, such as previous
experience in MSD management. One of the participants told
us that they would trust the DART recommendation for
physiotherapy but would have waited to see whether their
problem improved without treatment, as it had before. It has
been recognized that when users of eHealth make decisions on
system trust and intention to act, especially those with high
eHealth literacy, they will often corroborate information using
other web-based content to “triangulate” advice, particularly if
the primary source is not familiar to them [63,66]. Interestingly,
it has been shown that eHealth users in the United Kingdom
with access to free NHS health care are less likely to use health
corroboration than users in other countries with private health
systems [66]. The NHS website is considered a trusted source
of information for many citizens in the United Kingdom, and
deploying DART within an NHS pathway may enhance a user’s
trust in the given recommendations.
Qualitative data revealed a usability problem that was not
considered
during
development—that
serious
condition-screening questions on DART had the potential to
cause user anxiety in some individuals, who otherwise would
not have considered the potential for their problem to be serious.
On the basis of this feedback, we placed these less frequently
occurring conditions in the context of their incidence to allay
unnecessary user anxiety. This is an important consideration
for developers of mHealth triage systems, as although the
creation of false positives is well recognized and largely
accepted as a prudent conservative approach to medical risk
management [62], it is also suggested that a significant
proportion of potential users would reject using a symptom
checker for fear of receiving a wrong diagnosis or an assessment
that could cause them anxiety [60].

Theme 3: Impact of User Interpretation When Answering
Specific DART Questions
A small number of questions provoked some unexpected
participant responses attributable to individual interpretation,
likely influenced by their personal experiences. This theme was
not identified during previous validation work completed by
the panel of expert clinicians. It was only possible to reveal and
understand this important usability factor by using a convergent
mixed methods design with real-world users, reinforcing the
advantage of this methodology over the common practice of
using vignettes constructed or delivered by clinicians. An expert
clinician recognizes conditions by virtue of pattern recognition,
bypassing the conscious, effortful cognitive requirements
demanded of a nonclinician user to interpret questions and make
decisions on how to respond [67]. Moreover, clinicians are
highly educated and not representative of a real-world system
user population, including people with eHealth literacy
https://www.jmir.org/2022/8/e38352
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challenges. This study concluded that diversity of user personal
experiences can influence how real-world users respond to
questions presented by an mHealth system and, ultimately, the
recommendation they receive, thus presenting a challenge to
developers. For this reason, it is suggested that clinical testing
of mHealth systems using vignettes is best used as a precursor
to real-world usability testing comprising a representative
sample of potential system users.
We found no relationship between age and eHealth literacy,
with older participants equally able to arrive at a
recommendation as the younger participants. Although this
finding should be treated with caution because of the small
number of older participants, it could suggest that the perceived
ability to seek and use health information is more related to the
frequency of internet use rather than age and that differences
in eHealth literacy are less likely to be between user group
demographics but rather socioeconomic variables between
individuals within them [68]. A recent report showed continued
growth of internet use in the United Kingdom, with a 6%
increase in households with internet access between 2018 and
2020. In the same period, the increase in the number of
households with a single adult aged >65 years who accessed
the internet within a 3-month period rose from 59% to 80%
[39], challenging perceptions about potential mHealth user
demographics. An ESOL participant who had assistance from
her daughter told us she often sought help from family or
neighbors to use the internet, that this was common practice
within her community, and that DART could be used effectively
in this way. Web-based “surrogate seeking” is now a widespread
practice, with significant numbers of internet health information
seekers accessing advice on behalf of someone else [69].
However, some studies still link the use of web-based symptom
checkers to younger and more highly educated populations [60]
and self-referrals for the assessment of musculoskeletal
conditions generally [70].

Limitations
Recruitment during the COVID-19 pandemic proved
challenging, particularly for people who were not daily users
of the internet, as they typically do not engage with social media
or advertisements sent via email. All data had to be gathered
remotely, affecting the recruitment of people not confident in
using web-based video call technology. Although the full
recruitment quota was not met for infrequent internet users, this
was partially addressed, and the feedback from these participants
was particularly valuable in highlighting usability problems.
This recruitment challenge could be an indicator of self-selection
for DART user adoption related to internet use.
During the DART tests, most participants recalled past
conditions that had been resolved or that had been present for
some time and had changed since the first onset. At times, this
created a problem for participants regarding how to respond to
questions; for example, current symptoms versus symptoms
they had at the beginning of their problem when they first sought
clinical advice. This could be addressed in future studies by
only recruiting participants with current problems who had not
received medical advice; however, this could potentially exclude
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participants with chronic MSDs and more complex conditions,
thus limiting generalizability.
Although a generic internet system assessment tool, the SUS
was chosen as a measure of DART user satisfaction in the
absence of a more specific validated mHealth usability measure.
As a result, not all the questions were matched to DART in its
role as a single-use assessment system with no additional
integrated functionality. Other usability assessment tools were
considered, including those that measure domains such as
loyalty, trust, credibility, and appearance; however, these were
designed for the assessment of transactional business systems
and included questions inappropriate for DART, such as
purchasing and confidence in concluding business [37]. Other
tools measured the usability of mHealth systems that support
the therapeutic management of conditions over time, with
repeated patient use and different integrated functions and
features, meaning that the domains assessed were not directly
applicable [71].

Future Work
The purpose of this usability study was to optimize usability
before proceeding to a trial evaluating the safety and
effectiveness of DART against a usual care comparator. A
protocol for an initial pilot study has been published and will
explore the key aspects of the trial methodology; assess the

Lowe et al
procedures; and collect exploratory data to inform the design
of a definitive, randomized, crossover, noninferiority trial to
assess DART safety [36]. DART is currently deployed in a
controlled live clinical environment where we use system data,
as well as user and clinician feedback, to further refine the
algorithms and system usability. A quality improvement study,
where DART is integrated into an existing public health service,
is also in the design phase.

Conclusions
This study suggests the DART mHealth system has the potential
to be offered as an alternative to primary care physician–led or
physiotherapist-led triage as part of an MSD pathway.
Participants found DART easy to use and would trust and act
on the routing recommendation they were given. With all
significant usability problems addressed, DART can proceed
to the next stage of validation—a randomized controlled trial
to assess the safety and effectiveness against a usual care
comparator. The inclusion of real-world participants revealed
important usability problems and solutions that were not
identified during the development or expert panel review stages
and highlights the importance of a more sophisticated approach
to mHealth system usability testing. The iterative, convergent
mixed methods design proved to be highly effective for system
development and evaluation and could provide a blueprint for
other researchers of mHealth systems.
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Abstract
Background: Participation in case-control studies is crucial in epidemiological research. The self-sampling bias, low response
rate, and poor recruitment of population representative controls are often reported as limitations of case-control studies with
limited strategies to improve participation. With greater use of web-based methods in health research, there is a further need to
understand the effectiveness of different tools to enhance informed decision-making and willingness to take part in research.
Objective: This study tests whether the inclusion of an animated decision aid in the recruitment page of a study website can
increase participants’ intentions to volunteer as controls.
Methods: A total of 1425 women were included in a web-based experiment and randomized to one of two experimental
conditions: one in which they were exposed to a simulated website that included the animation (animation; n=693, 48.6%), and
one in which they were exposed to the simulated website without the animation (control; n=732, 51.4%). The simulated website
was adapted from a real website for a case-control study, which invites people to consider taking part in a study that investigates
differences in purchasing behaviors between women with and without ovarian cancer and share their loyalty card data collected
through 2 high street retailers with the researchers. After exposure to the experimental manipulation, participants were asked to
state (1) their intention to take part in the case-control study, (2) whether they would be willing to share their loyalty card for
research, and (3) their willingness to be redirected to the real website after completing the survey. Data were assessed using
ordinal and binary logistic regression, reported in percentages (%), adjusted odds ratio (AOR), and 95% confidence intervals.
Results: Including the animation in the simulated website did not increase intentions to participate in the study (AOR 1.09;
95% CI 0.88-1.35) or willingness to visit the real study website after the survey (control 50.5% vs animation 52.6%, AOR 1.08;
95% CI 0.85-1.37). The animation, however, increased the participants’ intentions to share the data from their loyalty cards for
research in general (control 17.9% vs animation 26%; AOR 1.64; 95% CI 1.23-2.18).
Conclusions: While the results of this study indicate that the animated decision aid did not lead to greater intention to take part
in our web-based case-control study, they show that they can be effective in increasing people’s willingness to share sensitive
data for health research.
(J Med Internet Res 2022;24(8):e40015) doi:10.2196/40015
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Introduction
One of the most effective methods to test for exposure in
epidemiological research is to conduct a case-control study in
which people who have an illness are compared retrospectively
with a matching population without the outcome [1]. Although
it is a reliable methodology to test for associations, poor
recruitment of population representative controls often
undermines such studies [2].
Previous research reports the most common methods of
recruiting control participants for case-control studies as follows:
door-to-door recruitment, postal invitation, and random digit
dialing [1,2]. More recently, with greater access to the internet,
many cohort studies have moved their participant management
and recruitment online (using unique websites), providing new
opportunities to recruit participants, potentially improving
diversity and ease of data collection [3,4]. Despite several
advantages, however, caution needs to be exercised with the
opportunistic recruitment of participants to web-based studies.
For example, a recent study reported less than 4% of participants
who visited a study recruitment website, after clicking on a
targeted social media advertisement campaign, went on to sign
up to the research [5]. This indicates that while individuals may
be forming some interest to take part in research studies by
clicking on a recruitment advertisement, their intention does
not always translate to survey completion after they land on the
research website.
Evidence on the barriers and facilitators of web-based survey
completion primarily relates to the completion of stand-alone
web-based surveys, rather than the use of unique websites to
recruit participants to case-control studies [6-11]. These studies
suggest that individuals’ trust in the organization carrying out
the research, whether they are early adopters of technology and
high in literacy, and whether the research is in line with the
individuals’ values and beliefs are positive predictors of
individual participation. Recommendations to achieve better
outcomes include clear communication of the research goals,
transparency about how data will be used, and shorter survey
length.
Clinical trials have attempted to address some of the above (eg,
transparency about how data will be used), using audio-visual
decision aids to supplement the process of obtaining informed
consent [12]. Communicating information via these mediums
(enabled through web-based recruitment strategies), have the
potential to reduce the associated cognitive load, facilitate
further engagement with the research aims, generate positive
attitudes toward the targeted behavior, and subsequently
motivate engagement in the behavior itself [13-16]. To our
knowledge, the potential impact of animated decision aids on
intentions to take part in a web-based case-control study has
not previously been investigated. This study aims to measure
the effectiveness of an animated decision aid as a supplementary

https://www.jmir.org/2022/8/e40015

XSL• FO
RenderX

tool on a simulated website of a case-control study to encourage
participation.

Methods
Setting
This study comprised a randomized web-based experiment,
which assessed the effectiveness of adding an animated decision
aid to a simulated website. The simulated website the animation
was designed for (or added to) was the recruitment website for
the case-control study: Cancer Loyalty Card Study (CLOCS)
[17].

Cancer Loyalty Card Study
CLOCS is an observational case-control study that aims to
investigate the self-care behaviors of patients with ovarian
cancer prior to their cancer diagnosis. It seeks to do this by
investigating differences in transactional data (such as
medication purchasing) between women with and without
ovarian cancer (the transactional data are collected through the
loyalty cards of 2 UK-based high street retailers). Cases (ie,
women with ovarian cancer) are recruited through participating
National Health Service sites, while controls are recruited
through the study website. Full details for CLOCS have
previously been reported in the study protocol [17].

Animated Decision Aid
A key challenge for CLOCS recruitment has been
communicating the research aims clearly, and our previous
research highlights that the public often needs further
explanations for how individual transactional data can be used
in health research [18]. To improve public understanding and
engagement with the aims of CLOCS, an animated decision aid
was jointly prepared by Science Animated Limited, 2 patient
representatives, and the CLOCS research team prior to the
initiation of this web-based experiment. It aimed to convey key
facts on ovarian cancer, the potential contribution of CLOCS
in informing earlier diagnosis, as well as how women in the
general population can play a role to aid its efforts (based on
the participant information sheet tailored and approved by a
National Health Service Research Ethics Committee
[19/NW/0427-SA1], included in Multimedia Appendix 1).
However, it should be noted that the animation was designed
as a supplement to the main study materials, not as a key
participant communication material to prompt informed
decision-making. The animation features English subtitles and
is 123 seconds (2 minutes and 3 seconds) long [19].

Procedure
The randomized web-based experiment was programmed in
Survey Monkey. In July 2020, women who were eligible to take
part in CLOCS as a control(ie, between the ages of 18 and 70,
living in the United Kingdom, and without an ovarian cancer
diagnosis) were recruited through a survey vendor (Dynata
Limited). For those who were interested in taking part,
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information about the experiment, including a brief description
of CLOCS, was presented and followed by the completion of
the study consent form. If participants consented and were
eligible, they were randomized (in a 1:1 ratio) to one of the
following two experimental conditions: the simulated CLOCS
website without the animation (control), or the simulated
CLOCS website with the animation (animation) (Multimedia
Appendix 2 and 3).
Once everyone viewed the simulated website, they were asked
to complete the survey, where they were required to indicate
their intention to take part in CLOCS using a 4-point Likert
scale (definitely yes, probably yes, probably not, and definitely
not) adapted from previous research [20-22]. The study
participants were then asked to indicate their loyalty card use
by selecting from a list of high street retailers’ loyalty cards and
whether they would be willing to share their loyalty card data
for research purposes. The latter question was adapted from
research on willingness to share electronic health data, which
uses 4 commonly used models of consent for the use of data
[23].
In the next step, the study participants were asked about their
educational level, annual household income, and health literacy.
For the latter, the eHealth Literacy Scale was used. This scale
assesses individuals’ retrieval and judgement of health
information on the internet [24]. It consists of 8 items rated on
a 5-point scale, ranging from 1 to 5, and has demonstrated
considerable reliability and validity [24]. The participants’
scores across the 8 items on the scale were summed and
calculated for a sample mean. Individual scores below and above
(or equal to) this sample mean were defined as low and high
health literacy, respectively [25,26].
The final survey item was included as a behavior proxy. The
participants were asked whether they want to be redirected to
the actual CLOCS website for more information on how to take
part. Those who responded that they would like to visit the
website were provided with a link to the CLOCS website at the
final page of the survey [22]. The website opened in a new tab
for participants who clicked on the link. No data were collected
from the study participants for their direct participation in
CLOCS associated with the experiment.

Ethics Approval
Ethics approval for this study was granted by the UCL Research
Ethics Committee (Project ID: 17823/001).

Data Analysis
A pilot study has been conducted beforehand for the purpose
of sample size calculations. Based on the findings from the
initial sample of 359 participants, with a 10% difference in
intention to take part (definitely yes or probably yes versus
definitely no or probably no), we determined the number of
participants needed to achieve 95% certainty and 80% power
was 650 per trial arm. Data from participants in both the pilot
and final sample were combined for analysis.
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Sample characteristics were assessed using descriptive statistics
(Table S1 in Multimedia Appendix 4). To aid interpretation,
the participants’ income and educational levels were
dichotomized in inferential analyses. For income, we used
£30,000 (US $37,000) as the cut-off point, based on the average
household income in the United Kingdom (reported by the
Office for National Statistics, 2020) [27]. For education, we
categorized participants into those with General Certificate of
Secondary Education or A Levels and those with a university
degree [20-22].
Differences in intentions to take part in CLOCS were assessed
using univariate and multivariate ordinal logistic regression.
Willingness to visit the actual website and willingness to share
loyalty card data for research purposes, between groups, were
assessed using univariate and multivariate binary logistic
regressions. Odds ratios (ORs), 95% confidence intervals, and
P values are presented in the results, with P values below .05
regarded as statistically significant. Participants who spent a
short amount of time completing the survey (ie, survey speeders)
were excluded from the analysis (Multimedia Appendices 5-8,
based on the 50% cut-off points provided from previous research
using median values) [28]. We report the analysis for the whole
sample in Table S2 (Multimedia Appendix 9) and the
distribution of the time spent on the survey before and after the
exclusion of the speeders in Multimedia Appendices 5-8 [29].
Additional analyses for interaction between the intervention
and health literacy led to null results and were not reported due
to the unbalanced proportion of those with low health literacy
and high literacy in the study population.

Results
Study Sample
Figure 1 demonstrates the flow of participants through the study.
In total, 6034 women were invited to participate, of which 4609
(76.4%) were excluded as they were not eligible, dropped out,
or discontinued the initial screening. The remaining 1425
(23.6%) were then randomized to one of the following two
experimental conditions: 732 (51.4%) were randomly allocated
to the control condition, and 693 (48.6%) to the animation
condition. Across conditions, 131 (9.2%) did not finish the
survey after randomization. Furthermore, 137 (9.6%) were
excluded as they spent less than 50% of the median time. The
analytical sample consisted of 1157 women—610 (52.7%)
participants in the control condition, and 547 (47.3%) in the
animation condition.
Most women in the analytical sample were aged between 55
and 70 years (n=417, 36.9%), did not have a university degree
(n=686, 59.3%), and had an annual household income of less
than £30,000 (US $37,000; n=622, 53.8%). The mean eHealth
Literacy Scale score for the participants was 30.3 out of 40;
thus, those who scored below this mean were classified as
having low health literacy [20,21]. Post hoc comparisons
revealed that sociodemographic characteristics were comparable
between the two experimental conditions (Table S1 in
Multimedia Appendix 4).
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Figure 1. Flow through the study.

Intentions to Participate in CLOCS
Intentions to participate in CLOCS were generally very high,
with 69.7% (n=807) of women stating that they would probably
or definitely participate. Figure 2 shows the distribution of the
intentions to participate in CLOCS after exposure to the
simulated website. The ordered logistic regressions in Table 1
show that the inclusion of the animation did not affect

participation intentions (OR 1.12; 95% CI 0.90-1.39 and AOR
1.09; 95% CI 0.88-1.35). The regression further shows that
older women aged 55-70 years stated lower intentions to
participate (OR 0.56; 95% CI 0.42-0.74), while those with an
income above average (OR 1.36; 95% CI 1.06-1.63), one or
more existing loyalty cards (AOR 2.05; 95% CI 1.16-3.62), and
low health literacy (AOR 1.26; 95% CI 1.01- 1.58) had higher
intentions to take part in CLOCS.

Figure 2. Distribution for intention to take part in Cancer Loyalty Card Study.
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Table 1. Ordered logistic regression on intention to participate in Cancer Loyalty Card Study (N=1157).
Variables

Unadjusted regression

Adjusted regression

AORa

95% CI

P value

AOR

95% CI

P value

Control

Reference

—b

—

Reference

—

—

Animation

1.120

0.904-1.389

.30

1.088

0.876-1.352

.45

18-34

Reference

—

—

Reference

—

—

35-44

0.998

0.726-1.371

.99

0.952

0.691-1.311

.76

45-54

0.806

0.577-1.127

.21

0.799

0.569-1.122

.20

55-70

0.556

0.421-0.735

<.001

0.591

0.445-0.786

<.001

Below or equal to GCSEc

Reference

—

—

Reference

—

—

University degree

1.320

1.060-1.643

.01

1.145

0.909-1.441

.25

Below average

Reference

—

—

Reference

—

—

Above average

1.362

1.097-1.690

.01

1.263

1.006-1.584

.04

No

Reference

—

—

Reference

—

—

Yes

2.114

1.202-3.719

.009

2.051

1.164-3.616

.01

High literacy

Reference

—

—

Reference

—

—

Low literacy

1.501

1.125-2.002

.006

1.381

1.029-1.854

.03

Condition

Age (years)

Education

Income

Card

Health literacy

a

AOR: adjusted odds ratio.

b

Not applicable.

c

GCSE: General Certificate of Secondary Education.

Willingness to Share Loyalty Card Data for Research
Most study participants stated that their data should be used but
that they should have the option of saying no (control condition:
n=246, 40.3%; and animation condition: n=181, 33.1%; Figure
3). However, significantly more participants in the animation
condition, compared to control, indicated that they would be
willing to provide the data if they were needed—as shown in
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the binary logistic regressions in Table 2 (control: n=109, 17.9%
vs animation: n=142, 26.0%; OR 1.61; 95% CI 1.22-2.14 and
AOR 1.64; 95% CI 1.23-2.18). Similarly, as with the intentions
to participate in CLOCS, women aged 55-70 years were again
less likely to state that their data should be used if needed
compared to those aged 18-34 years (n=71, 17% vs n=72,
24.8%; AOR 0.62; 95% CI 0.43-0.89).
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Figure 3. Distribution for willingness to share loyalty card data .

Table 2. Binary logistic regression on agreeing to share data from loyalty cards when needed (N=1157).
Variables

Total, n (%)

Unadjusted regression

Adjusted regression

AORa

95% CI

P value

AOR

95% CI

P value

251 (21.7)

—b

—

—

—

—

—

Control

109 (17.9)

Reference

—

—

Reference

—

—

Animation

142 (26.0)

1.612

1.216-2.136

.001

1.640

1.232-2.184

.001

18-34

72 (24.8)

Reference

—

—

Reference

—

—

35-44

55 (22.9)

0.900

0.602-1.346

.61

0.864

0.575-1.299

.48

45-54

53 (25.2)

1.022

0.678-1.540

.92

1.046

0.688-1.591

.83

55-70

71 (17.0)

0.621

0.430-0.899

.01

0.601

0.411-0.878

.008

Below or equal to GCSEc

147 (21.4)

Reference

—

—

Reference

—

—

University degree

104 (22.1)

1.039

0.782-1.380

.79

0.932

0.690-1.260

.65

Below average income

130 20.9)

Reference

—

—

Reference

—

—

Above average income

121 (22.6)

1.106

0.836-1.464

.48

1.052

0.782-1.414

.74

No

9 (20.9)

Reference

—

—

Reference

—

—

Yes

242 (21.7)

1.048

0.496-2.216

.90

1.094

0.511-2.344

.82

High literacy

214 (22.0)

Reference

—

—

Reference

—

—

Low literacy

37 (20.0)

0.886

0.599-1.309

.54

0.807

0.541-1.204

.30

Overall
Condition

Age (years)

Education

Income

Card

Health literacy

a

AOR: adjusted odds ratio.

b

Not applicable.

c

GCSE: General Certificate of Secondary Education.
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Willingness to Visit the CLOCS Website After the
Survey
A slight majority of the study participants (n=596, 51.5%)
indicated that they would like to visit the CLOCS website after
the end of the survey (Multimedia Appendix 10). Table 3 shows
that there was no difference between the two experimental
conditions (control: n=308, 50.5% vs animation: n=288, 52.6%;

OR 1.09; 95% CI 0.87-1.37 and AOR 1.08; 95% CI 0.85-1.37).
Women with low health literacy, in comparison to those with
high health literacy (n=111, 60% vs n=485, 49.9%; AOR 1.43;
95% CI 1.03-1.98), and women aged 35-44 years, in comparison
to those aged 18-34 years, were more interested in visiting the
study website (n=145, 60.4% vs n=148, 51%; AOR 1.49; 95%
CI 1.05-2.12).

Table 3. Binary logistic regression on willingness to visit website after the survey (N=1157).
Variables

Total, n (%)

Unadjusted regression
AORa

Overall

b

Adjusted regression

95% CI

P value

AOR

95% CI

P value

596 (51.5)

—

—

—

—

—

—

Control

308 (50.5)

Reference

—

—

Reference

—

—

Animation

288 (52.7)

1.090

0.865-1.374

.46

1.079

0.853-1.367

.53

18-34 years

148 (51.0)

Reference

—

—

Reference

—

—

35-44 years

145 (60.4)

1.464

1.036-2.071

.03

1.489

1.048-2.115

.03

45-54 years

118 (56.2)

1.231

0.861-1.758

.25

1.303

0.905-1.877

.16

55-70 years

185 (44.4)

0.765

0.566-1.033

.08

0.825

0.606-1.123

.22

Below or equal to GCSEc

337 (49.1)

Reference

—

—

Reference

—

—

University degree

259 (55.0)

1.265

1.000-1.601

.05

1.214

0.946-1.559

.13

Below average income

322 (51.8)

Reference

—

—

Reference

—

—

Above average income

274 (51.2)

0.978

0.776-1.233

.85

0.865

0.677-1.107

.25

No

18 (41.9)

Reference

—

—

Reference

—

—

Yes

578 (51.9)

1.498

0.808-2.776

.20

1.521

0.810-2.854

.19

High literacy

485 (49.9)

Reference

—

—

Reference

—

—

Low literacy

111 (60.0)

1.506

1.094-2.074

.01

1.431

1.031-1.986

.03

Condition

Age (years)

Education

Income

Card

Health literacy

a

AOR: adjusted odds ratio.

b

Not applicable.

c

GCSE: General Certificate of Secondary Education.

Discussion

spike in activity within the case-control study, with over 100
people signing up to participate in CLOCS.

Key Findings

Comparison With Previous Literature

This randomized web-based experiment examined the
effectiveness of an animated decision aid to increase the
willingness to participate in a case-control study. The results
show that the animation did not increase intentions to participate
in a real-world case-control study (CLOCS), or willingness to
visit the real study website after the survey. However, the
animation increased the participants’ willingness to share data
from their loyalty cards for research. Interestingly, immediately
after the completion of this web-based experiment, there was a

Our findings reflect the mixed evidence currently available in
the literature. While there has been some support for the
effectiveness of animated decision aids in the context of health
behavior research, many studies have focused on how the
interventions can improve participants’ knowledge of the health
behavior concerned, as their main outcome. When assessing
participant intention to engage in the behavior (or an objective
measurement of the behavior itself), the findings have been
more inconsistent [30,31].
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An interesting finding in our study is that, among all
participants, those with lower health literacy scores were more
interested to find out about the study compared with those with
high health literacy scores. Our sample size calculations were
based solely on the primary outcome; thus, we might have been
underpowered to detect the interaction effects of health literacy
and outcomes on the behavior proxy. However, the previous
studies indicate that multimedia interventions are not always
significant in individuals with lower educational levels [14] and
low health literacy [15,16]. It has been previously shown in the
cancer screening literature that gist-based supplementary
materials could be used to enhance engagement with the main
literature among people with low numeracy [32], and perhaps
using animation and other easy-to-read materials could enhance
participant recruitment in health research [33]. Furthermore,
the positive association between low health literacy and
willingness to visit the website may be explained by factors
such as wanting to find more information, the salience of the
research topic, and other factors that were not included in this
web-based experiment. As such, future studies focusing on the
comprehension of the materials among people with low health
literacy using a think-aloud methodology could explain this
outcome.

Strengths and Limitations
This study has some important limitations, which call for
follow-up research. First, we did not include a comprehension
assessment to check if participants fully understood or watched
the animation. Second, we did not measure attitudes toward the
simulated website and CLOCS. A recent systematic review on
participant comprehension and informed consent in health
research further highlighted that while there are efforts to
improve participation rates using various methods, there is a
lack of assessment of participant readability, literacy, and
standardization of recruitment methods in health research for
informed consent procedures [33]. While all the
participant-facing CLOCS research materials have been
reviewed by patient and public representatives, further
assessment of participant comprehension prior to the animation
experiment would have strengthened our methodology.
However, the rationale for the exclusion of these measures was
based on the assumptions that people often form immediate
decisions about whether something is relevant to them using
heuristic decision-making before establishing deliberative
decisions [34]. As such, by excluding cognitive measures in
our assessment to minimize judgement and bias, we tried to
capture individuals’ potential reactions to the website as close
to their reaction in real life. In this context, further studies using
eye-tracking experiments on the simulated website will be highly
informative to build a better understanding of the interaction
with the website and the contents [35].
On the other hand, exposure to the animation increased the
intentions to share loyalty card data for research in general, but
not for intentions to participate in the CLOCS study; this
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suggests that there are study-specific characteristics that did not
appeal to individuals (eg, actively signing up to provide
information) or that the study participants were not eligible.
However, a recent study also shows that only half of the
population is willing to share shopping data for health research,
highlighting the differences in sociodemographic characteristics
of people who are willing to share their data for health research
[36]. The characteristics of the participants who are willing to
take part in CLOCS in this study mirror the results of this
age-stratified survey employed in England, with older women
less willing to take part. While self-sampling bias will continue
to be a concern of case-control studies based on the differences
in characteristics of the people who are willing to take part,
recruitment strategies could be stratified and tailored to engage
different populations who are less willing to take part in health
research based on this evidence and the validation of public
acceptability. Our results support this evidence further using
experimental design with greater internal validity for potential
barriers in recruiting participants to a case-control study.

Implications for Policy and Future Research
While such questions of generalizability are warranted, this
study still poses important relevance and implications to current
research contexts. Due to the COVID-19 pandemic, many
research studies have been forced to consider the possibility of
being adapted online. This may require researchers to derive
additional strategies to reach web-based samples with different
characteristics. Underrepresentation in health research is already
an issue for minority populations, people with low literacy, and
those with greater deprivation using traditional methods of
recruitment, unless they are specifically targeted [37,38]; thus,
there is a further need to ensure that web-based strategies can
provide means for researchers to attract representative samples.
Future studies should therefore continue exploring web-based
methods to facilitate complex decision-making processes for
potential participants of health research. The CLOCS animation
has not been actively disseminated for participant recruitment
following this dearth of evidence; however, unique findings
might be obtained for research of a different nature. Other
multimedia formats or mediums such as social media can be
further explored in future studies, along with the consideration
of potentially important variables such as participants’
willingness to share data for research purposes.

Conclusion
The results of this study indicate that the animated decision aid
did not influence the participants’ intention to take part in
CLOCS or visit the study website. The animation, however,
increased the probability of individuals stating that they would
share their loyalty card data for research. Future research should
continue exploring methods that can effectively engage
participants with low health literacy to participate in complex
health research.
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Abstract
Background: Sexual dysfunction is a private set of disorders that may cause stigma for patients when discussing their private
problems with doctors. They might also feel reluctant to initiate a face-to-face consultation. Internet searches are gradually
becoming the first choice for people with sexual dysfunction to obtain health information. Globally, Wikipedia is the most popular
and consulted validated encyclopedia website in the English-speaking world. Baidu Encyclopedia is becoming the dominant
source in Chinese-speaking regions; however, the objectivity and readability of the content are yet to be evaluated.
Objective: Hence, we aimed to evaluate the reliability, readability, and objectivity of male sexual dysfunction content on
Wikipedia and Baidu Encyclopedia.
Methods: The Chinese Baidu Encyclopedia and English Wikipedia were investigated. All possible synonymous and derivative
keywords for the most common male sexual dysfunction, erectile dysfunction, premature ejaculation, and their most common
complication, chronic prostatitis/chronic pelvic pain syndrome, were screened. Two doctors evaluated the articles on Chinese
Baidu Encyclopedia and English Wikipedia. The Journal of the American Medical Association (JAMA) scoring system, DISCERN
instrument, and Global Quality Score (GQS) were used to assess the quality of disease-related articles.
Results: The total DISCERN scores (P=.002) and JAMA scores (P=.001) for Wikipedia were significantly higher than those
of Baidu Encyclopedia; there was no statistical difference between the GQS scores (P=.31) for these websites. Specifically, the
DISCERN Section 1 score (P<.001) for Wikipedia was significantly higher than that of Baidu Encyclopedia, while the differences
between the DISCERN Section 2 and 3 scores (P=.14 and P=.17, respectively) were minor. Furthermore, Wikipedia had a higher
proportion of high total DISCERN scores (P<.001) and DISCERN Section 1 scores (P<.001) than Baidu Encyclopedia. Baidu
Encyclopedia and Wikipedia both had low DISCERN Section 2 and 3 scores (P=.49 and P=.99, respectively), and most of these
scores were low quality.
Conclusions: Wikipedia provides more reliable, higher quality, and more objective information than Baidu Encyclopedia. Yet,
there are opportunities for both platforms to vastly improve their content quality. Moreover, both sites had similar poor quality
content on treatment options. Joint efforts of physicians, physician associations, medical institutions, and internet platforms are
needed to provide reliable, readable, and objective knowledge about diseases.
(J Med Internet Res 2022;24(8):e37339) doi:10.2196/37339
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sexual dysfunction; digital health; Baidu Encyclopedia; Wikipedia; internet; health information; DISCERN instrument
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Introduction
Knowledge regarding health and well-being is cobbled together
from health care professionals, family, friends, books,
newspapers, magazines, educational pamphlets, radio, television,
and pharmaceutical advertisements [1]. However, we are
increasingly heading online for answers rather than pursuing
information through these other avenues [2]. Approximately
6% of all internet searches in the United States are health-related
[3], and it is believed that internet searches have become
people’s first choice of method to seek information regarding
health issues [4]. In addition, the population of netizens in
mainland China reached 1011 million in 2021, and the number
of online medical users in China had reached 239 million by
June 2021, accounting for 23.7% of total internet users [5].
Information quality, emotional support, and source credibility
have significant and positive impact on the likelihood of health
care information adoption, and among these factors, information
quality has the biggest impact on patients’ adoption decisions
[6]. Given the large amount of inaccurate information online,
users are very easily misinformed [1]. Previous studies showed
that the quality of online health information is problematic [7,8].
Thus, the assessment of source reputability and the veracity of
information is a crucial and urgent task.
As the most common male sexual dysfunctions, erectile
dysfunction (ED; the persistent inability to attain and maintain
an erection sufficient to permit satisfactory sexual performance)
and premature ejaculation (PE; poorly controlled and rapid
ejaculation) greatly affect the quality of life of patients [9,10].
Furthermore, sexual dysfunction is closely associated with
chronic prostatitis/chronic pelvic pain syndrome (CP/CPPS;
urologic pain or discomfort in the pelvic region associated with
lower urinary tract symptoms) and is the most common
complication [11,12]. The prevalence of CP/CPPS in men is
about 8.2%, and men with CP/CPPS are more prone to ED and
PE than the general population [13]. A previous study found
that nearly half of patients with a self-reported diagnosis of
CP/CPPS reported mild to severe ED [14]. A meta-analysis of
24 studies suggested that the overall prevalence of sexual
dysfunction in patients with CP/CPPS was 0.62 [15]. In
particular, our previous study found that “prostate” and
“prostatitis” were the most queried terms by Chinese users with
PE [16], which highlighted the stigma and preferences of these
patients [17]. In addition, the complex and unclear etiology of
CP/CPPS and sexual dysfunction not only challenges clinicians
in the choice of treatment but also seriously affects the quality
of life of patients. Previously, public interest and the change
over time in the search volume for sexual dysfunctions and
lower urinary tract symptoms were analyzed [16,18,19]. People
tended to consult Dr. Internet in a combined manner on these
issues for treatment decision-making. Therefore, the issue of
sexual dysfunction is commonly investigated with CP/CPPS.
Wikipedia, the most popular and consulted encyclopedia website
in English, is a web-based encyclopedia that provides valuable
web-based health information [20]. Previous studies have shown
that Wikipedia is a reasonably reliable medical resource and it
was ranked higher on search engines than other general websites
[21,22]. Unfortunately, on May 19, 2015, “Chinese Wikipedia”
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announced that mainland Chinese servers would be shut down
because of violation of mainland China’s laws due to the attack
and destruction of the internet. As the equivalent Wikipedia for
Chinese internet users, the Baidu platform and its Encyclopedia
service is the most popular and frequently consulted
encyclopedia site in mainland China [23,24]. In mainland China,
with 766 million users actively using the Baidu search service,
its usage in relation to health inquiries and symptom
confirmation accounts for 66.83% of use, and health and medical
topics ranked first among science topics [24]. Our previous
research on the Baidu search index showed that the search
demands by its users for sexual dysfunction and lower urinary
tract symptoms are huge. However, users often get irrelevant
online medical information, and there is little evaluation of the
quality of Baidu-related content [16,19]. The purpose of this
paper was to assess the reliability, readability, and objectivity
of Wikipedia and Baidu Encyclopedia content on ED, PE, and
CPPS/CP for the advancement of internet medicine.

Methods
Data Sources
The contents analyzed in this study are available on Chinese
Baidu Encyclopedia and English Wikipedia. The Chinese Baidu
Encyclopedia and English Wikipedia were investigated for
articles on ICD-10 version 2016 codes. All possible synonymous
and derivative keywords for each term were screened. Two
doctors evaluated the articles on Chinese Baidu Encyclopedia
and English Wikipedia. Any disagreement was reviewed by
and arbitrated by a third reviewer who was an expert on sexual
dysfunction. All authors have many years of experience in
andrology and urology and are competent in the diagnosis and
treatment of male sexual dysfunction and urinary disorders.
These reviewers have professional knowledge of male sexual
dysfunction and urinary disorders and can make professional
evaluations.

Assessment of the Quality of the Research Articles
The Journal of the American Medical Association (JAMA)
scoring system [25], DISCERN instrument [26], and Global
Quality Score (GQS) [27] were used to assess the quality of
disease-related articles. The contents of these scoring tables are
shown in Multimedia Appendix 1. The JAMA scoring system
is a well-known tool for evaluating the quality of information
obtained from health-related websites. It includes 4 evaluation
dimensions: author, attribution, disclosure, and currency. If it
meets the requirements of each dimension, it will get 1 point,
and the deimension with the highest quality will get 4 points.
The DISCERN instrument has been developed to judge the
quality of written health information [26]. To more
comprehensively determine the quality of information in the
article, the DISCERN tool consists of 15 questions plus an
overall quality rating, and each is scored on a scale from 1 to
5. The first section of the DISCERN instrument is commonly
used to evaluate the quality of published information, and the
second section focuses on the quality of treatment choices
offered to patients. The total score can range from 16 to 80,
where a score of 63 to 80 suggests excellent quality, 51 to 62
indicates good quality, 39 to 50 indicates fair quality, and 16
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37339 | p.826
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to 38 indicates poor quality [26]. Experienced health information
users and providers can use the DISCERN instrument to
distinguish between high-quality and low-quality publications,
so as to promote the generation of high-quality, evidence-based
patient information. The GQS is a 5-point Likert scale that can
subjectively rate the overall quality of each reviewed website.
In addition to evaluating the overall quality of the website, GQS
also considers the flow and ease of use of each website [28].

Statistical Analysis
All databases were constructed with Excel 2019 (Microsoft
Corporation, Redmond, WA). The Shapiro-Wilk test was used
to test the normality of the data. Descriptive analyses are
reported as means and SDs for normally distributed variables.
Medians and IQRs are reported for non-normally distributed
variables. To ensure the quality of these scores, the intraclass
correlation coefficient (ICC) was used to evaluate interobserver
reliability. ICC values range from 0 (untrusted) to 1 (fully
trusted), and any concordance values less than 0.75 were
discussed by the research team to clarify the discrepancy. For
nonparametric tests, the Mann-Whitney U test was conducted
to test the significance of different ranks by using SPSS, version
22.0 (IBM Corp, Armonk, NY). The Fisher exact test was used
to test the difference in the frequency distribution of DISCERN
scores. We used Prism 8 for macOS, version 8.4.0 (455;
GraphPad Software Inc, San Diego, CA) to conduct statistical
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analyses and create figures. For the statistical analysis, P<.05
was considered significant.

Results
Content Characteristics
We searched for “erectile dysfunction,” “premature ejaculation,”
“chronic prostatitis/chronic pelvic pain syndrome,” and similar
keywords on English Wikipedia and Chinese Baidu
Encyclopedia. The search results are shown in Table 1.
Wikipedia has only 1 entry for a disease, corresponding to a
specific article. In Baidu Encyclopedia, a disease may have
multiple entries and multiple articles. The information sources
of these articles are different, and the number of views varies
greatly. In Wikipedia, an article about a disease is constantly
supplemented by different registered individuals. However,
Baidu Encyclopedia's content providers are official organizations
or unregistered individuals. Moreover, some of the recently
updated articles in Baidu Encyclopedia show that the
information is more often provided by organizations or
institutions and is certified by experts. In addition, both Baidu
and Wikipedia provide links to external information, including
videos, articles, and images, while some links are unrelated
advertisements. The latter especially appear in Baidu
Encyclopedia. Furthermore, Wikipedia provides its own features
for assessing the quality of articles, and all Wikipedia articles
included in this study were rated as grade C.
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Table 1. Characteristics of the search results from 2 online platforms.
Wikipedia

Baidu Encyclopedia

P valuea

CPPS/CPb

2

3

N/Ac

EDd

1

2

PEe

1

3

Yes

4

8

No

0

0

Yes

4

6

No

0

2

Yes

0

4

No

4

4

Organization

4

5

Individuals

0

3

Page views (x1000), median (IQR)

1673.2 (240.0-3878.9)

4119.7 (775.3-22029.8)

.37

Number of references, median (IQR)

53.5 (19.3-84.0)

0 (0.0-0.8)

.002

Themes
Available entries, n

Real-time updates, n
.99

External links, n
.52

Advertisement, n
.21

Author type, n

a

.49

A Mann-Whitney U test was conducted to test the significance of different ranks.

b

CP/CPPS: chronic prostatitis/chronic pelvic pain syndrome.

c

N/A: not applicable.

d

ED: erectile dysfunction.

e

PE, premature ejaculation.

Overall Scores for Baidu Encyclopedia and Wikipedia
A 2-way mixed/random effects model was used to analyze the
consistency of the ratings by the 2 independent reviewers. The
ICC results showed good consistency between the 2 reviewers
for the GQS scores (ICC=0.87), JAMA scores (ICC=0.91), and
DISCERN scores (ICC=0.82).
Comprehensively, the scores for Wikipedia were higher than
those for Baidu Encyclopedia (Figure 1A). The contents in
Wikipedia were significantly higher rated by the DISCERN
tool and JAMA tool than those in Baidu Encyclopedia,
suggesting that Wikipedia provides higher quality information.
Although there was no statistical difference between the GQS
scores for these websites, a numerically higher score on
Wikipedia indicates that Wikipedia may provide better reading
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fluency and ease of use. In order to distinguish the differences
between the 2 websites in more detail, we compared the
DISCERN section scores for Baidu Encyclopedia and Wikipedia
(Figure 1B). The DISCERN Section 1 score for Wikipedia was
significantly higher than that for Baidu Encyclopedia, suggesting
that Wikipedia provides more reliable and more objective
information. The DISCERN Section 2 evaluates “How good is
the quality of information regarding treatment choices?” There
was no statistical difference between the DISCERN Section 2
scores for these websites, suggesting that they may have a
similar impact on patients’ choice of treatment options. Section
3 is the overall rating of the publication, and the lack of
statistical difference revealed that the overall quality of the
publication as a source of information about treatment choices
was similar for these websites.
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Figure 1. Overall comparison between Baidu Encyclopedia and Wikipedia: (A) median and IQR for DISCERN total scores, Journal of the American
Medical Association (JAMA) scoring system scores, and Global Quality Score (GQS) scores; (B) median and IQR for the 3 DISCERN sections.

Overall Quality Comparison Between Wikipedia and
Baidu Encyclopedia for the Theme of ED
ED is one of the most common male sexual dysfunctions. By
comparing the content scores for ED articles on Baidu
Encyclopedia and Wikipedia, Wikipedia appeared to have
numerically higher total DISCERN scores, JAMA scores, and
GQS scores, but there were no statistically significant

differences (Figure 2A). Furthermore, the 3 DISCERN section
scores for Baidu and Wikipedia were also compared separately
(Figure 2B). Wikipedia appeared to have numerically higher
DISCERN Section 1 and 2 scores. In addition, they had similar
DISCERN Section 3 scores. These results suggest that there is
no statistically significant difference between Wikipedia and
Baidu Encyclopedia scores for ED content.

Figure 2. Comparison of erectile dysfunction (ED) scores between Baidu Encyclopedia and Wikipedia: (A) median and IQR for total DISCERN scores,
Journal of the American Medical Association (JAMA) scoring system scores, and Global Quality Score (GQS); (B) median and IQR for the 3 DISCERN
sections.

Overall Quality Comparison Between Wikipedia and
Baidu Encyclopedia for the Theme of PE
A comparison of the scores for PE, the other most common
sexual dysfunction disorder, showed that Wikipedia had a
significantly higher total DISCERN score than Baidu
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Encyclopedia (Figure 3A). Although Wikipedia seemed to have
higher JAMA and GQS scores than Baidu Encyclopedia (Figure
3A), this difference was not statistically significant, and all
DISCERN section scores showed a similar trend (Figure 3B),
which may be related to the great intragroup variability of Baidu
Encyclopedia.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37339 | p.829
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Ma et al

Figure 3. Comparison of premature ejaculation (PE) scores between Baidu Encyclopedia and Wikipedia: (A) median and IQR for total DISCERN
scores, Journal of the American Medical Association (JAMA) scoring system scores, and Global Quality Score (GQS); (B) median and IQR for the 3
DISCERN sections.

Overall Quality Comparison Between Wikipedia and
Baidu Encyclopedia for the Theme of CP/CPPS
CP/CPPS, as one of the most common concomitant diseases of
sexual dysfunction, seriously affects the quality of life of male
patients. By comparing the overall scores for Wikipedia and
Baidu encyclopedia on CP/CPPS, we found that the scores of
Baidu Encyclopedia were mostly fair quality, while the scores

of Wikipedia ranged from fair quality to good quality (Figure
4A). Meanwhile, Wikipedia showed statistically higher JAMA
scores, but there were no statistical differences between total
DISCERN scores and GQS scores (Figure 4A). Furthermore,
the DISCERN Section 1 score for Wikipedia was statistically
significantly higher than that of Baidu Encyclopedia, while the
DISCERN Section 2 and 3 scores for both sites were not
significantly different from each other (Figure 4B).

Figure 4. Comparison of chronic prostatitis/chronic pelvic pain syndrome (CP/CPPS) scores between Baidu Encyclopedia and Wikipedia: (A) median
and IQR for total DISCERN scores, Journal of the American Medical Association (JAMA) scoring system scores, and Global Quality Score (GQS);
(B) median and IQR for the 3 DISCERN sections.

Distribution of the DISCERN Scores
After comparing the overall quality of the information for
different diseases on Baidu encyclopedia and Wikipedia, the
overall scores for Wikipedia seemed to be higher than those of
Baidu encyclopedia, but some scores only showed numerical
differences without statistical significance. Nevertheless, the
differences in the distribution of scores that had numerical
differences were seemingly obvious. Therefore, we performed
further statistical analyses of the score distributions for
Wikipedia and Baidu Encyclopedia. As aforementioned,
according to the DISCERN standard, a total DISCERN score
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<50 (near 60%) is fair or poor quality, while a score >50 is good
or excellent quality [26]. Based on this rule, we took a score of
3 for each question as the cutoff value; that is, a score higher
than 3 points was defined as good quality.
The score distributions for each disease are shown in Table 2.
Wikipedia had a higher proportion of total DISCERN and
Section 1 scores distributed above 3 points, whether compared
with the overall score or the score for each disease, and was
significantly better than Baidu Encyclopedia. However, Baidu
Encyclopedia and Wikipedia had low Section 2 and 3 scores,
and most of these scores were ≤3, which are defined as low
quality.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37339 | p.830
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Ma et al

Table 2. Distribution of the DISCERN scores for each disease and comparisons via the Fisher exact test.
DISCERN

Overall

CP/CPPSa

EDb

PEc

Wikipedia, Baidu Ency- P
n (%)
clopedia, n
val(%)
ue

Wikipedia, Baidu Ency- P
n (%)
clopedia, n
val(%)
ue

Wikipedia, Baidu Ency- P
n (%)
clopedia, n
val(%)
ue

Wikipedia, Baidu Ency- P valn (%)
clopedia, n
ue
(%)

Total
>3

38
(59.4)

≤3

d

26
(40.6)d

25 (19.5)e

<.001 17 (53.1)f 10 (20.8)g

.004

10
(62.5)

103 (80.5)e

15 (46.9)f 38 (79.2)g

h

6 (37.5)h

7 (21.9)f

<.001 11
(68.8)

25 (78.1)f

h

8 (16.7)g

5 (31.2)h

40 (83.3)g

8 (100)j

6 (25.0)i

0 (0)j

18 (75.0)i

3 (42.9)o

2 (9.5)n

4 (57.1)o

19 (90.5)n

0 (0)s

0 (0)r

1 (100)s

3 (100)r

<.001

Section 1
>3

31 (96.9)f 19 (29.7)d

<.001 15
(93.8)

≤3

1 (3.1)

f

45 (70.3)

d

h

7 (29.2)i

1 (6.2)h

17 (70.8)i

1 (7.1)m

3 (14.3)n

13

18 (85.7)n

<.001 8 (100)j

6 (37.5)h

.006

0 (0)j

10 (62.5)h

1 (14.3)o

1 (7.1)m

6 (85.7)o

13 (92.9)m

1 (100)s

0 (0)q

0 (0)s

2 (100)q

<.001

Section 2
>3

5 (17.9)k

6 (10.7)l

≤3

23

50 (89.3)l

(82.1)k

.49

(92.9)m

.64

.99

.08

Section 3
>3

2/4
(50.0)

≤3
a

p

2 (50.0)p

3 (37.5)j
5 (62.5)j

.99

1 (50.0)q

0 (0)r

1 (50.0)q

3 (100)r

.40

.33

.99

CP/CPPS: chronic prostatitis/chronic pelvic pain syndrome.

b

ED: erectile dysfunction.

c

PE: premature ejaculation.

d

n=64.

e

n=128.

f

n=32.

g

n=48.

h

n=16.

i

n=24.

j

n=8.

k

n=28.

l

n=56.

m

n=14.

n

n=21.

o

n=7.

p

n=4.

q

n=2.

R

n=3.

S

n=1.

Discussion
Principal Findings
Internet-based information is playing an increasingly important
role in the diagnosis and treatment of patients, especially for
privacy-sensitive conditions such as sexual dysfunction and
related concomitant diseases. Comprehensive and objective
information can help patients understand their condition, choose
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the right time to visit a doctor, and then improve their prognosis.
However, incorrect or incomplete information may leave
patients vulnerable to misdiagnosis, leading to delays in
treatment and considerable health risks [1]. As a consequence,
at a time when internet health care is booming, there is an urgent
need to evaluate the credibility, readability, and accuracy of
online resources. This study evaluated the reliability, readability,
and objectivity of Baidu Encyclopedia and Wikipedia in terms
of ED, PE, and CP/CPPS content. Overall, the total DISCERN
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scores and DISCERN Section 1 scores for the content provided
by Wikipedia were significantly higher than those of Baidu
Encyclopedia. Also, Wikipedia had a higher proportion of total
DISCERN and Section 1 scores distributed within the
high-quality range than Baidu Encyclopedia. Combined with
higher JAMA scores, the results suggest that Wikipedia provided
more reliable, higher quality, and more objective information
than Baidu Encyclopedia. Baidu Encyclopedia and Wikipedia
had low DISCERN Section 2 and 3 scores, and most of these
scores were low quality. Similar DISCERN Section 2 and 3
scores for Wikipedia and Baidu Encyclopedia indicated that
they had an analogic and mediocre impact on patients’ choice
of treatment options. Although not statistically different,
Wikipedia had numerically higher GQS scores, suggesting that
Wikipedia might provide relatively better flow and be easier to
use.
By June 2021, the number of online medical users in China was
239.33 million, and the utilization rate of the internet was 23.7%,
an increase of 11.4% over December 2020 [29]. In an analysis
of internet search trends in China, some scholars found that
only 43.74% of the search results for PE were related to PE
[16]. In another study on lower urinary tract symptoms,
1.13%-93.92% of the retrieved content was found to be
irrelevant to lower urinary tract symptoms [19]. The study also
found similar problems in the contents about these diseases in
Wikipedia and Baidu Encyclopedia. Wikipedia provides more
standardized and unified content, with standard templates for
almost every disease, which allows readers to find the
information they need quickly and accurately [30]. In contrast,
the quality of content provided by Baidu Encyclopedia varies
widely, with some recently updated articles providing more
comprehensive content than Wikipedia, but the overall trend is
a lack of standardization and formality. In Baidu Encyclopedia,
the same disease may correspond to multiple entries and
corresponding articles, which compare poorly with each other,
and different articles may provide users with contradictory
information, which can cause great confusion to users. The
diversity of the content formats presented by Baidu
Encyclopedia is consistent with the great variability of its overall
score. The total DISCERN scores and JAMA scores for
Wikipedia were significantly higher than those for Baidu
Encyclopedia, and the proportion of Wikipedia scores within
the high-quality distribution was also higher than those for Baidu
Encyclopedia. These results suggest that Wikipedia provides
higher quality information than Baidu Encyclopedia. In addition
to the lack of a standard content presentation format, the low
quality of Baidu Encyclopedia is also related to other features
of its website, such as information sources and references. The
contents of Baidu Encyclopedia are mostly sourced from official
organizations or unregistered individuals, while information on
Wikipedia is provided by registered users. The comparison
shows that the quality of contents provided by unregistered
individuals is always rated as “poor quality.” Accurate citation
of high-quality references is an important guarantee for the
reliability of a paper [31]. The contents provided by these
unregistered individual users are almost always without
references and extended information. By contrast, the quality
of contents provided by registered users or official organizations
are almost rated as “good quality,” with accurate references.
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These characteristics of the website are closely related to
DISCERN Section 1 scores, and significantly higher DISCERN
Section 1 scores for Wikipedia indicate that its publications are
more reliable than those of Baidu Encyclopedia. The other 2
main focuses of the quality assessment are “How good is the
quality of information regarding treatment choices?” and “the
overall quality of the publication as a source of information
about treatment choices.” Similar scores on DISCERN Sections
2 and 3 for Wikipedia and Baidu Encyclopedia indicated that
they had an analogic and mediocre impact on patients’ choice
of treatment options. Recent updates to Baidu Encyclopedia
also show an increasing number of medical professionals
involved in reviewing or writing the content, also significantly
improving the DISCERN and JAMA scores. This comparison
suggests that the inconsistency of disease presentation formats
and differences in information sources may account for the
lower Baidu scores.
CP/CPPS is characterized by localized pain or discomfort in
the abdomen, pelvis, and genitals, usually with lower urinary
tract symptoms, psychosocial disorders, and sexual dysfunction
[11,12]. The relationship between sexual dysfunctions and
CP/CPPS has been studied more extensively [32]. Previous
studies have shown a good correlation between the severity of
symptom scores between the 2 clinical conditions, CP and PE,
and that approximately 49% of male patients with CP have
concomitant sexual dysfunction [33]. It addition, “prostate” and
“prostatitis” were the most queried terms by Chinese users with
PE [16]. The complex and heterogeneous pathophysiology of
CP/CPPS makes the management of this troublesome situation
very challenging both for clinicians and patients, and
approximately 50% of older patients experience recurrence [34].
The UPOINT System classifies CP/CPPS patients into 7
different subgroups based on symptoms: urologic, psychosocial,
organ-specific, infectious, neurologic, tenderness (pelvic floor
tenderness), and sexual dysfunction; then, it proposes specific
treatment plans based on the different subgroups [35]. There is
growing evidence that the addition of second-line therapies,
such as 5-phosphodiesterase inhibitors, antidepressants and
muscle relaxants, according to the UPOINT System approach,
can significantly improve patients’ CP/CPPS symptoms [36].
These results showed that CP/CPPS and sexual dysfunctions
can directly or indirectly increase the economic burden of health
care and seriously affect patients’ quality of life. Patients with
CP/CPPS or sexual dysfunction may feel too embarrassed to
discuss their problems with doctors due to the influence of the
Chinese culture, and they are likely more willing to look for
disease-related information, such as symptoms, diagnosis,
treatment methods, prognosis, and hospital rankings, on the
internet first. There is no doubt that the information these
patients access from the internet affects their perception of their
health status, which in turn affects treatment choices and disease
prognosis.
By comparing the contents for ED, PE, and CP/CPPS on Baidu
Encyclopedia and Wikipedia, we found that the consistency of
Wikipedia is better, with almost all content rated as “good
quality,” while the scores for Baidu Encyclopedia were mostly
“fair quality.” Take PE-related articles in Baidu Encyclopedia
as examples. Both reviewers rated “早发性射精” (early-onset
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ejaculation) as “poor quality.” After analyzing the content on
the web page for “early-onset ejaculation,” we found there was
no introduction to “examination, diagnosis, and treatment,” and
the content in the article was not objective and scientific.
Contrary to the lack of effective information, there are more
than 25 irrelevant advertising links and only one reference on
this web page. The content on the “早泄” (premature
ejaculation) page on Baidu Encyclopedia was rated as “good
quality,” and the information was more comprehensive and
objective than that for “early-onset ejaculation.” Corresponding
to the quality grades for “early-onset ejaculation” and
“premature ejaculation,” there was a huge difference in page
views (early-onset ejaculation/premature ejaculation:
33,506/25,747,398). The discrepancy may be related to the
inconsistent identity of content providers. The irrelevant
advertising links or misleading information obtained by users
using Baidu Encyclopedia may be related to the fee-based
editing service. There are many third-party underground
industries that charge fees to write Baidu Encyclopedia entries
on their behalf, so as to insert advertisements and achieve the
purpose of attracting patients. In order to improve the quality
of the health information, Baidu Encyclopedia announced the
“rainbow plan” on December 9, 2012, wherein all medical
entries could only be edited and revised by certified medical
experts [37]. This is consistent with the findings of this study
that an increasing number of medical professionals are involved
in reviewing or writing content for Baidu Encyclopedia.
Consequently, attracting, encouraging, and even recruiting more
medical professionals to draft or proofread the content about
disease presentation provided on these websites may ensure the
content is objective and comprehensive. At the same time, the
Baidu Encyclopedia platform should strengthen content
regulation and establish a review mechanism to remove
interest-related content.
In contrast, Wikipedia has its own content quality evaluation
system, such as the “Wiki-Project article quality grading
scheme” and the “Wiki-Project priority assessments” [38,39].
In this study, all included Wikipedia articles were rated as grade
C, which means “Useful to a casual reader, but would not
provide a complete picture for even a moderately detailed study”
and “Considerable editing is needed to close gaps in content
and solve cleanup problems.” The “Wiki grading” for these
Wikipedia articles is similar to the grading by the 3 grading
tools applied in this paper. That is, the quality of these Wikipedia
articles is almost “good quality” but far from “excellent quality,”
and all articles needed further improvement. Despite this fact,
the formality and drafting on Wikipedia are better because of
the clear attribution and disclosure it provides. As mentioned
earlier, there is a lack of uniform standards for writing Baidu
Encyclopedia content, many of the information sources are not
supported by academic references, and external links are mostly
related to advertisements. Hence, though the content on both
sites leaves much to be desired, as a source to popularize
science, the content on Wikipedia could at least guide interested
individuals to the right source of informations, while Baidu
Encyclopedia is more likely to provide misleading information.
In the era of rapid internet development, more patients have
started to try online consultations [40]. This change in mode of
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treatment has presented new opportunities and challenges for
doctors, medical institutions, physician associations, internet
platforms, and patients. In this study, we evaluated the
objectivity, reliability, and readability of the content on sexual
dysfunction and CP/CPPS on Baidu and Wikipedia and found
that the quality of the content provided by both sites was not
“excellent quality” and needed to be improved. This study is
only a microcosm of the vast amount of information available
in internet-based health care. Considering the increasing
coverage of the internet, more users will be influenced by
internet-based information, and incorrect or incomplete
information will have a negative impact on users’
decision-making. Therefore, we believe that, in the era of the
internet information explosion, physicians, physician
associations, and medical institutions should make full use of
their expertise and become more involved in the construction
of internet-based health care by providing objective and
comprehensive content. Internet platforms, on the other hand,
should strengthen the regulation and review of medical-related
content and remove false or irrelevant content. Wikipedia
already has a relatively complete self-censorship system and
self-evaluation system, but Baidu Encyclopedia has almost no
achievements in this regard. In China, the country with the
world’s largest population, the importance of popular science
education for the whole society and the world is self-evident.
Baidu Encyclopedia, as the largest platform for online science
education in China, still needs to be greatly enhanced to take
up the corresponding social responsibility. Through the joint
efforts of physicians and the platform, we hope to achieve the
goal of providing users with timely access to correct, objective,
comprehensive, and valid information when seeking medical
advice or searching for health science content on the internet.

Limitations
Some limitations must be addressed in this study. This study
only presents the results of medical professionals’ evaluations
of health-related science content on the internet, and further
research is needed on the specific impact of this information on
the audience and readers. Since information on the internet is
updated quickly, there may be some bias between the study
results and the actual situation, and the data need to be updated
in real time to ensure that the findings are true and valid. In
addition, the difference in the number of Chinese and English
entries indicates the information received by users will be
significantly different because of the entries they choose to
click. Therefore, our “combined” evaluation cannot fully
represent the quality of the information they really receive.
Fortunately, with the availability of infodemiology research,
academics can combine content analysis and infodemiology
search trends to better elucidate the impact of health-related
information on the internet on users, society, and the health care
industry.

Conclusions
Internet medicine, as a new medical model in the new era,
provides strong support for users to understand disease
information and choose the timing of treatment in a timely
manner. Although it is more formally composited, Wikipedia
also provides more reliable, higher quality, and more objective
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37339 | p.833
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information than Baidu Encyclopedia. They also have a similar
impact on patients’ choice of treatment options, and the websites
are similar in terms of flow and ease of use. To promote the
healthy and sustainable development of internet health care, the

Ma et al
joint efforts of physicians, physician associations, medical
institutions, and internet platforms are needed to provide more
reliable, accessible, and comprehensible disease knowledge to
the public.
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Abstract
Background: Secondary use of clinical data for biomedical research purposes holds great potential for various types of
noninterventional, data-driven studies. Patients’ willingness to support research with their clinical data is a crucial prerequisite
for research progress.
Objective: The aim of the study was to learn about patients’ attitudes and expectations regarding secondary use of their clinical
data. In a next step, our results can inform the development of an appropriate governance framework for secondary use of clinical
data for research purposes.
Methods: A questionnaire was developed to assess the willingness of patients with cancer to provide their clinical data for
biomedical research purposes, considering different conditions of data sharing and consent models. The Cancer Registry of the
German federal state of Baden-Württemberg recruited a proportionally stratified random sample of patients with cancer and
survivors of cancer based on a full census.
Results: In total, 838 participants completed the survey. Approximately all participants (810/838, 96.7%) showed general
willingness to make clinical data available for biomedical research purposes; however, they expected certain requirements to be
met, such as comparable data protection standards for data use abroad and the possibility to renew consent at regular time intervals.
Most participants (620/838, 73.9%) supported data use also by researchers in commercial companies. More than half of the
participants (503/838, 60%) were willing to give up control over clinical data in favor of research benefits. Most participants
expressed acceptance of the broad consent model (494/838, 58.9%), followed by data use by default (with the option to opt out
at any time; 419/838, 50%); specific consent for every study showed the lowest acceptance rate (327/838, 39%). Patients expected
physicians to share their data (763/838, 91.1%) and their fellow patients to support secondary use with their clinical data (679/838,
81%).
Conclusions: Although patients’ general willingness to make their clinical data available for biomedical research purposes is
very high, the willingness of a substantial proportion of patients depends on additional requirements. Taking these perspectives
into account is essential for designing trustworthy governance of clinical data reuse and sharing. The willingness to accept the
loss of control over clinical data to enhance the benefits of research should be given special consideration.
(J Med Internet Res 2022;24(8):e37665) doi:10.2196/37665
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XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37665 | p.837
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Köngeter et al

KEYWORDS
secondary use; consent; data sharing; data access; research benefit and control of data; health data; clinical data; private sector;
international data sharing; patient perspective

Introduction
Background
Secondary use of clinical data for biomedical research purposes
has great potential for various types of noninterventional,
data-driven studies. We define secondary use of clinical data
as the collection and reuse of clinical data in data gathering,
noninterventional biomedical research, or learning activities;
clinical data are collected during and for the purpose of patient
care [1]. Research using clinical data has the ethical and
efficiency advantages of not requiring additional physical
interventions or collection of additional data. Although
secondary use aims at improving biomedical knowledge and,
in turn, medical care, it does not imply a direct benefit for the
patient who has released their data.
The blurring of the boundaries between research and care, as
envisaged in concepts of learning health care systems, is
currently visible only in few areas [1,2]. The endeavor to merge
these different system logics is faced with emerging challenges
such as limited utility of specific consent models for research
or false expectations regarding their benefits on the part of
patients [3]. The goal of this paper was to contribute the patients’
perspective to the debate and potential solutions to the current
challenges of secondary use of clinical data in the context of
learning health care systems.
Previous studies with citizens and patients have already shown
that certain aspects seem to be crucial for supporting secondary
use, such as who conducts the research (eg, academic or
commercial), whether data are transferred to other countries,
and what consent model is applied [2-9]. However, owing to
varying research designs, for example, by examining different
study units, applying different survey instruments, and being
conducted in diverse health care systems, these studies, taken
together, have heterogeneous results.
Consent is a crucial component of respecting patient autonomy
and building trust in health research. However, the specific
consent paradigm of clinical trials cannot easily be applied to
the secondary use of clinical data because most scientific
questions are unknown at the time consent is obtained, that is,
when the patient receives care. Newly applied models for
secondary use of clinical data, such as broad consent or data
use by default (with the option to opt out any time), facilitate
research with clinical data, but are criticized from an
informational self-determination perspective for offering patients
insufficient control over their clinical data. However, previous
studies have identified patients’ and citizens’ openness toward
these new models [5,10-12]. Other empirical studies show that,
to increase research benefits, participants seem willing to accept
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the loss of control over their data [13-16]. However, no studies
have yet been conducted to assess the acceptance of consent
models in light of the trade-off between the control of clinical
data and research utility.

Aim
The objective of this study was to assess (1) patients’ general
willingness and relevant requirements to share pseudonymized
clinical data for research purposes, (2) acceptance of different
consent models including characteristics of data control and
research utility, (3) preferences regarding the setting to provide
consent, and (4) general expectations toward data use and other
stakeholders.

Methods
Survey Development
The questionnaire (Multimedia Appendix 1) was based on a
review of the relevant scientific literature and a preparatory
expert interview study among stakeholder groups engaged or
affected by the planned secondary use of clinical data in
Germany [17]. In total, 2 representatives for patient interests
were included in the expert sample. The questionnaire was
developed through several discussion and feedback rounds by
the international and interdisciplinary project team, consisting
of social scientists; ethicists; legal scholars; and clinicians with
expertise in social, ethical, legal, or practical aspects of
secondary use of clinical data. To ensure comprehensibility and
technical functionality of the questionnaire, cognitive interviews
(n=5) with patients with cancer and survivors of cancer who
had provided consent were conducted in the pretest phase,
resulting in minor adaptions.
To allow participants to develop an informed opinion, the survey
included background information about risks and benefits
associated with the secondary use of clinical data. The survey
consisted of 33 items on the following topics: sociodemographic
and disease-related information, expectations and risk perception
toward secondary use, willingness to provide clinical data under
certain requirements, and acceptability of consent models and
procedures. Attitudinal questions were designed as 5-point
Likert scale. The survey was approved by the data protection
officer of the Heidelberg University Hospital.

Operationalization of Consent Scenarios
In total, 3 vignettes were developed to measure the acceptability
of 3 consent scenarios: specific consent, broad consent, and
data use by default (with the option to opt out at any time).
Acceptance was measured using a 4-point Likert scale (Figure
1).
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Figure 1. Display of the 3 consent scenarios in the questionnaire (English translation).

Previous studies have reported that participants made a trade-off
between research utility and data control [13]. Hence, 3 consent
scenarios were designed with information about research utility
and control over data. In the process of operationalization, we
further reduced the complexity of the theoretical concept to
ensure good comprehensibility of the survey material:
1.

2.

By specific consent, we understand that consent is provided
for each individual study (option 1 in Figure 1), as currently
performed in clinical trials. Consistent with our preliminary
studies [1,17], we inform about high degree of control over
the secondary use of clinical data and low research benefit
owing to the administrative burden on researchers.
In the case of the broad consent scenario, 1-time consent
is provided for future medical studies with clinical data;
moderate control and research utility are presumed (option
2 in Figure 1).
This vignette refers to the implementation of a broad
consent process for the German Medical Informatics
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3.

Initiative; the development of a unified template for broad
consent was accompanied by the German Working Group
of Research Ethics Committees [18]. In practice, this model
involves safeguards such as the review of each individual
research project by a research ethics committee and data
access committees, organizational measures to protect
patient data, and comprehensive information for patients
[18]. To ensure comprehensibility, the details of these
safeguards are not provided to the participants of this study.
Data use by default is use of data for secondary research
by default (comparable with Denmark or Estonia) without
individual informed consent process, but with the possibility
to opt out at any time. This scenario is associated with low
degree of data control for patients and facilitation of
research as no individual consent needs to be obtained
(option 3 in Figure 1).
Regarding law, the European Union (EU) data protection
regulation provides some scope for this scenario of data
use based on a legal basis other than informed consent if
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37665 | p.839
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the potential research benefit clearly outweighs the right to
informational self-determination (Art. 9, Paragraph 2, lit.
j [19]). Compensating efforts such as ambitious security
and privacy measures and extensive general public
education about data use and data governance are likely to
be ethically and legally necessary. To ensure
comprehensibility, the details of these safeguards are not
provided to the participants of this study.

Sampling and Recruitment
The Cancer Registry of the German federal state of
Baden-Württemberg sent postal invitations to a random sample
of patients with cancer and survivors of cancer, proportionally
stratified by age and gender, requesting study participation
(n=4219). The sample frame consisted of all registered patients
in Baden-Württemberg, Germany, with a diagnosed tumor
disease who were aged ≥18 years. Participants had the option
of either completing an anonymous and self-administered
web-based survey (the hyperlink was provided in the cover
letter) or returning an envelope by mail, consenting that their
address may be forwarded to the research group to subsequently
receive a paper-and-pencil questionnaire. Survey instruments
were adapted to the requirements of a mixed-mode survey [20].
Individuals who completed the survey were not compensated.
Data collection occurred from May 2021 to July 2021.

Analysis
Descriptive statistics were used to express the categorical
variables as counts and percentages. Differences in proportions
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were assessed for statistical significance (P<.05) using
chi-square tests. The 2-tailed Pearson correlation coefficients
were computed. All analyses were performed using SPSS
(version 28; IBM Corp).

Ethics Approval
The study obtained ethics approval from the University of
Heidelberg’s research ethics committee (reference number
S-361/2018). Informed consent was obtained from the
individuals who participated in the study pretest measurement
and the written survey.

Results
Demographics of Participants
Of the 4155 patients with cancer approached by the Cancer
Registry Baden-Württemberg, 838 (20.17%) participants
completed the survey. Approximately half of the participants
who answered the respective question were women (389/820,
47.4%; Table 1). Of 832 participants, 390 (46.9%) participants
were aged between 60 and 74 years, and of 826 participants,
541 (65.5%) participants were retired. In total, 29.8% (247/830)
of the participants had a university degree. The most common
types of cancer were breast cancer (204/826, 24.7%), prostate
cancer (187/826, 22.6%), and gastrointestinal cancer (79/826,
9.6%). The distribution of age, gender, and cancer entity
mirrored that of the general distribution of patients with cancer
in the Cancer Registry Baden-Württemberg, with minor
deviation.
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Table 1. Demographics of participants.
Characteristics

Values, n (%)

Gender (n=820)
Women

389 (47.4)

Men

431 (52.6)

Age groups (years; n=832)
18-59

186 (22.4)

60-74

390 (46.9)

≥75

256 (30.8)

Highest educational degree (n=830)
Elementary school diploma

84 (10.1)

Secondary school diploma

398 (47.9)

Qualification for university entrance

97 (11.7)

University degree

247 (29.8)

No school diploma

4 (0.5)

Employment status (n=826)
Employed or self-employed

219 (26.5)

Not employed owing to health reasons

45 (5.4)

Retired

541 (65.5)

Not employed owing to other reasons

21 (2.5)

Type of cancer (n=826)
Breast

204 (24.7)

Prostate

187 (22.6)

Gastrointestinal

79 (9.6)

Skin cancer

63 (7.6)

Non-Hodgkin lymphoma

39 (4.7)

Lung

31 (3.8)

Leukemia

22 (2.7)

Kidney

22 (2.7)

Head and neck

22 (2.7)

Uterine or endometrial

21 (2.5)

Urinary bladder

18 (2.2)

Stomach

16 (1.9)

Pancreas

9 (1.1)

Other

93 (11.3)

General Willingness to Provide Clinical Data for
Biomedical Research Purposes and Requirements for
Data Provision
Most participants indicated that they are generally willing to
make their clinical data available either without restrictions
(527/838, 62.9%) or under certain conditions (283/838, 33.8%).
Only 0.7% (6/838) of the participants generally refused to
provide clinical data.

Then, the participants who indicated general willingness were
asked about certain requirements under which they would
provide their clinical data. When asked about the general
requirements they deemed relevant, most participants stated the
highest possible data security standards (482/838, 57.5%),
followed by use of their data for as many research projects as
possible (254/838, 30.3%), and being informed about the most
important research results (208/838, 24.8%; Multimedia
Appendix 2).
Most participants (591/832, 70.5%) stated that they would
support research with their data in countries with high level of
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data protection comparable with German standards; 17.9%
(149/832) of the participants stated that they would restrict data
use to domestic research projects; and 8.8% (73/832) of the
participants agreed to support international projects, independent
of the level of data protection (Multimedia Appendix 3).
When asked how long their initial consent should be valid,
38.5% (320/832) of the participants set no time limit and
approximately half of the participants demanded to renew
consent either after 3 years (181/832, 21.8%), 10 years (227/832,
27.3%), or 30 years (10/832, 1.2%), respectively. In total, 10.2%
(85/832) of the participants favored renewal of consent each
time their data are used for specific research projects
(Multimedia Appendix 4).
A large proportion of participants (532/832, 63.4%) said that
they would grant access to researchers, independent of their
affiliation; however, 22.7% (189/832) of them did not want to
share their data with researchers at for-profit companies that
conduct medical research (Multimedia Appendix 5). Only a
small proportion opposed the secondary use of their clinical
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data by their physicians (56/832, 6.7%) or researchers at
universities and university hospitals (48/832, 5.8%).

Acceptance of Consent Models
The questionnaire provided information about 3 consent models
that correspond to specific consent, broad consent, and data use
by default (with the option to opt out at any time), including
the trade-offs of each model between control over clinical data
and the facilitation of medical research (Table 2). For each
consent model, the participants rated the level of acceptance on
a 4-point Likert scale. Each of the 3 consent models showed a
medium degree of acceptance with significant mean differences.
Of the 838 participants, 491 (58.6%) accepted the broad consent
model, 421 (50.2%) accepted data use by default (with the
option to opt out at any time), and 323 (38.5%) accepted the
specific consent model. Of the 323 participants accepting the
specific consent model, 102 (31.6%) did not accept any other
model (102/838, 12.2% of the total sample). Sociodemographic
characteristics were not significant, except for older participants
being more likely to accept data use by default (Pearson
coefficient, 2-tailed: r=0.138; P<.001).

Table 2. Acceptance rates of 3 consent models: broad consent, data use by default, and specific consent (N=838)a.
Model

Description

Accepted, n (%) Not accepted, n Do not know or not
(%)
answered, n (%)

Broad consent

One-time consent for future studies, informed in person, low level of
control, and research is facilitated

491 (58.6)

230 (27.4)

117 (13.9)

Data use by default Use for future studies without consent process, not personally informed, 421 (50.2)
very low level of control, and research is significantly facilitated

347 (41.4)

70 (8.4)

Specific consent

372 (44.4)

143 (17.1)

Consent for each study, informed in person, high level of control, and
research is hampered

323 (38.5)

a

Acceptance was measured using a 4-point scale; results were collapsed into 2 groups (not acceptable: not acceptable and rather not acceptable;
acceptable: acceptable and rather acceptable).

Preferences Regarding the Setting for Providing
Consent
Participants were asked about the most appropriate setting for
providing consent for the secondary use of their clinical data
for research purposes. Most of them preferred to decide at their
general practitioner’s practice (528/838, 63%), and a small
proportion of participants preferred to decide during the
admission to a hospital (174/838, 20.8%; Multimedia Appendix
6).
When asked about preferred information formats, most
participants selected a brief written summary of key points in
easy-to-understand language to learn more about secondary use
(616/838, 73.5%), followed by face-to-face consultation with
physicians (347/838, 41.4%; Multimedia Appendix 7).
Participants were asked about who should decide about data
access and use by individual research projects: most participants
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(393/838, 46.9%) favored committees with experts in which
the opinion of patients is represented, for example, by patient
representatives, whereas a small proportion of participants
preferred to leave the decision to an expert committee (without
patient representation; 185/838, 22.1%) or to decide for
themselves (200/838, 23.9%; Multimedia Appendix 8).

Concerns in the Event of Data Use
A small proportion of the participants (99/838, 11.8%) showed
major general concerns regarding their clinical data being used
for research purposes (Figure 2). Then, all participants were
asked about more specific concerns: the largest proportion of
participants were worried about the data being misused in
countries other than Germany (246/838, 29.4%), data being
misused by criminals (244/838, 29.1%), and data being used
by companies for something other than medical research
(235/838, 28%). Concerns about participants being discriminated
against because of cancer were very low (32/838, 3.8%).
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Figure 2. Concerns in the event of data use (N=838).

Expectations Toward Benefits, Other Patients, and
Physicians
Approximately all participants (788/838, 94%) expected a
benefit for other patients from making their clinical data
available for research purposes (Figure 3). More than half of
the participants (482/838, 57.5%) mistakenly expected a
personal benefit, even though the explanatory text explicitly
stated the opposite. Of the 838 participants, 676 (80.7%)

participants supported the claim that all patients should
voluntarily make their clinical data available for research
purposes. In total, 68.3% (572/838) of the participants expected
their physicians to protect the participants’ clinical data in all
circumstances, and approximately all participants (758/838,
90.5%) expected their physicians to support research, if consent
was provided, by making their patients’ clinical data available
for research.

Figure 3. Expectations toward physicians and other patients (N=838).
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Discussion

General Requirements: Data Security, Maximizing Data
Use, and Transparency

Principal Findings

The most relevant general requirements for supporting the
secondary use of clinical data for research were high data
security (486/838, 57.9%), maximizing data use (251/838,
29.9%), and information about research results that made use
of patients’ clinical data (210/838, 25.1%). These findings
indicate the relevance of the ability of data governance to protect
clinical data, maximize accessibility (and usability) of data for
research, and report transparently on the results of data use.
These findings are largely consistent with previous literature
that describes secure data use, public benefits through effective
use by researchers, and transparency as important requirements
for data sharing [3,8,14]. It may well be that participants value
the reporting of results as an act of recognition and reciprocity.
Suggestions for future set up of governance for secondary use
of data to respond to the abovementioned requirements include
appropriate safeguards to protect patient data; high degree of
transparency regarding data use and benefits to society; and
technical, organizational, and legal data infrastructure that
enables researchers to maximize research benefits. Involving
patients to better understand their concrete needs in designing
these requirements for secondary use seems advisable [28].

Information about the requirements under which patients would
make their treatment data available for research is important
for any form of policy that regulates the secondary use of such
data. This paper provides the results of a representative sample
of German patients with cancer on general willingness and
decisive requirements for sharing their data for research
purposes and on the acceptance of consent models and
expectations toward relevant stakeholders. The following are
the main findings. First, we found an unprecedentedly high
general willingness (810/838, 96.7%) to make clinical data
available even after being informed about the potential risks of
secondary use; however, relevant requirements included the
following: ensuring a high level of data security, comparable
data protection standards for data use abroad, and renewed
consent at regular time intervals. Second, in contrast to previous
studies, three-fourths of respondents (620/838, 73.9%) supported
data use also by researchers in commercial companies. Third,
the highest acceptance rate was found for a broad consent model
(494/838, 58.9%), followed by data use by default (419/838,
50%); and specific consent for every study (327/838, 39%).
Fourth, high expectations for physicians and fellow patients to
support data sharing for research purposes were found.
To the best of our knowledge, this is the first representative
study on attitudes toward the secondary use of clinical data and
acceptance of consent models in combination with
characteristics of data control and research utility.

High General Willingness to Provide Clinical Data
Overview
An important finding of our study was the high willingness of
patients with cancer to make their clinical data available for
research purposes (810/838, 96.7%), either without any
restrictions (527/838, 62.9%) or under certain conditions
(283/838, 33.8%). Only 0.7% (6/838) of the participants
generally refused to provide clinical data. A
population-representative study in the United States found low
proportions of general willingness (76%) [21], similar to
representative studies in Germany in the contexts of the
COVID-19 pandemic (65%) [22] and medical data including
genetic data (56%) [13]. These different results suggest that
patients with cancer are more willing to provide clinical data
for medical research because they may either have benefited or
hope to benefit from research. As potential beneficiaries of past
studies, they may also feel greater responsibility than citizens
and other patient groups to support research to help future
generations of patients [11,23-25]. Although patients with cancer
are not representative of all patients, we assume that they can
hint well at the attitude of other patient groups with severe or
rare diseases, such as leukodystrophies [26]. A study conducted
in the United States shows slightly lower willingness among
patients with cancer and survivors of cancer (71%) [27] than
among the general population (76%) [21], which may point
toward country-specific factors in the context of health systems
and trust in institutions.
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Data Transfer Only to Countries With Comparable Data
Protection Standard
Most participants stated that they would restrict their data to
research in countries with data protection standards comparable
with those in Germany (737/838, 87.9%), and a small minority
of the participants was willing to provide data to other countries
(75/838, 8.9%). This resonates with another German study with
outpatients who generally support data donation in favor of
public research institutions in EU countries with similar data
protection standards (92%); only a minority of the participants
approved data access to countries outside the EU (24%), which
is a large share compared with our findings [6]. The high
relevance of this aspect is consistent with studies of Canadian
citizens [8,9]. However, further studies are needed to explore
the exact kinds of misuse that make people fearful about
international data transfers. Our study suggests that comparable
data protection standards are a decisive requirement for patients.
A suggestion to address this need is that policy makers and data
initiatives explain well to patients what the additional benefit
of multinational research is, what the specific risks are (eg,
foreign government access and less ability to enforce rights),
and how risks to data protection in these countries are mitigated.
They are well advised to give patients the choice of whether to
consent to data transfer to countries with low data protection
standards.

Most Participants Support Data Use by Corporate
Researchers
Low willingness of citizens to share data with the private
industry has been reported in several studies [3,4]. This finding
poses challenges to the biomedical research landscape, as many
studies are conducted by companies or in cooperation with
companies. In contrast, our results show that approximately
three-fourths of the participants (620/838, 73.9%) were willing
to make their clinical data available to company researchers.
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
This is a much higher acceptance than in studies with German
citizens [5] and outpatients [6], which reported that only a
minority of those participants who agreed to data donation were
willing to provide data to the industry (17% and 29%,
respectively). A cross-country study found particularly low
support for medical and genetic data sharing with for-profit
researchers among German participants (22% compared with
32% on average across all countries) [29]. We hypothesize that
willingness to share data with company researchers may change
owing to experiences with a severe illness: patients with cancer
may develop strong awareness of contributions by corporate
researchers, possibly based on their experiences during their
therapy. In addition, our questionnaire item included a brief
explanation of the relevant contribution of industry to medical
research and of industry as an important collaborator with public
research institutions. We suppose the explanation increased the
participants’ understanding and willingness to provide clinical
data to the industry, which is consistent with a study examining
public attitudes toward commercial data access, in which
provision of information and deliberative methods increased
willingness to share data [15]. In addition, our findings indicate
that low willingness to share data with corporate researchers
can be addressed through collaboration with public research
institutions in public-private partnerships.

Renewed Consent Within Certain Time Intervals
The participants’ stance was divided on the duration of data use
after initial consent is provided. Most participants (408/838,
48.7%) preferred to renew consent for broad research use after
a period of 3 or 10 years. Only approximately one-third of the
participants (243/838, 28.9%) preferred 1-time consent with
unlimited duration of consent validity. In contrast, in a
representative study of German citizens, more than half of the
participants favored unlimited validity of consent (56%), and
a minority favored consent validity of 5 years (17%) [5]. Our
reported relatively high proportion of participants preferring
renewed consent may have resulted owing to the following
reasons. First, patients with cancer experience changing health
conditions, leading to a subjective sensitivity to release clinical
data without time limit. Second, our questionnaire explicitly
mentioned risks of data release, possibly reducing the approval
of unlimited data use. Third, the abovementioned study among
German citizens asked for unlimited use for “data donation,”
which can be understood as irrevocable by definition. To address
this potential need for patients to renew consent, further studies
should investigate the preferences using neutral wording.

Broad Consent and Data Use by Default Was More
Accepted Than Specific Consent—Research Benefits
Partially Outweigh Loss of Control
Overview
Participants were presented with general information about 3
consent models (specific consent for every study; broad consent;
and data use by default, with the option to opt out at any time).
Specific consent is related to maximum informational control
for patients, but less utility for research projects, whereas data
use by default is associated with less informational control, but
maximum utility for research projects. The broad consent model
features moderate control and research utility (Table 2). The
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opportunity of being personally given information by health
personnel is not available in the case of data use by default.
Participants rated the level of acceptance for each consent
model. The broad consent model received the highest acceptance
rate (491/838, 58.6%), followed by data use by default (421/838,
50.2%) and the specific consent model with only a moderate
acceptance rate (323/838, 38.5%). The relatively high
acceptance rate for the broad consent model is consistent with
the results of previous studies. Different study designs and minor
deviations regarding the definition of consent procedures apply;
therefore, comparisons should be considered cautiously. In total,
2 studies with a German patient sample and a large sample of
Dutch patients found even higher acceptance rates in the context
of health care–embedded biobanking and data donation
(92%-93%) [5,10]. An earlier study of German patients (87%)
[11] and a study of a smaller sample of US citizens (96%) [12]
showed similar results. Our acceptance rates for each of the
presented consent models were lower than those in other studies.
This may be a consequence of the choice among 3 different
models, rather than only 1, as presented in other studies. The
low acceptance rates may also result from a trade-off decision
between support for research and control over one’s clinical
data. Previous studies have described this trade-off between
control and research benefits as a relevant influencing factor in
decision-making [12-16]. Accordingly, in our study, most
participants (520/838, 62.1%) agreed to give up control if it
increased the benefits of research. This finding is significant
because most participants (804/838, 95.9%) believe in the
benefits of secondary use for other patients. Evidence from other
studies [11,23-25] and our findings not only suggest that
research benefits partially outweigh the loss of control but also
that they are a critical motivational aspect of making data
available for research.
As none of the models achieved wide-ranging acceptance in
our study, it is worth discussing whether a meta-consent model
that allows participants to choose their preferred consent variants
[30] accounts best for individual ways of balancing control and
research benefits regarding consent models.

Preferred Framework Conditions for Providing Consent
and Data Release
When asked for consent, participants expected brief and
understandable written information (616/838, 73.5%) about
data use and preferred their primary care physician as a venue
for informed consent (528/838, 63%) over providing consent
upon hospital admission (174/838, 20.8%). This finding is
underpinned by a qualitative study in which support by health
care professionals was seen as an important facilitator [8].
Our findings indicate that, regarding place and time (ie, where
and when patients are informed and asked for consent), consent
in the clinical context is preferred over consent before becoming
a patient. This is consistent with the finding that patients prefer
providing consent at hospitals (64%-76%) over providing
consent outside the clinic [6]. However, another study concluded
that the decision about making data available for research should
be separated from the clinical context and anchored in everyday
life [31]. Owing to possible age and disease effects, further
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studies should investigate the differences between the general
population’s and patients’ acceptance.
When asked who should decide on data release when individual
research projects apply for using participants’ clinical data after
having personally released their treatment data for research
purposes, approximately half of the participants (394/838, 47%)
preferred a committee with experts and patient representatives
over a committee with experts only or deciding for themselves.
A suggestion to address this need is to involve patients in data
access committees.

Low Concerns and High Expectations
Low Level of Concern in General and About
Discrimination
In our study, the proportion of participants who were concerned
about the use of clinical data (101/838, 12.1%) was considerably
lower than the findings of 2 surveys conducted in Australia
among citizens (24%-25%) [32] and patients (24%) [33]. A
study conducted in the United States found that privacy concerns
had the strongest influence on individuals’ intentions to provide
clinical data [34]. This discrepancy may be attributable to
country-specific differences regarding trust in health care and
government institutions [3] and the lack of experience with
extensive data leaks or the misuse of clinical data in Germany.
Participants’ concerns about discrimination owing to their cancer
were very low (34/838, 4.1%).

False Expectations of Personal Benefit
Most participants (486/838, 57.9%) incorrectly expected
personal benefits from making their clinical data available for
research purposes—even though the wording of the
questionnaire had been adjusted during the pretest phase.
Another study found that more than one-fourth of German
patients hoped for personal benefit (28%) after being asked for
consent for secondary use of clinical data and biomaterial
collected during routine care [11]. Owing to the severity of the
disease, patients with cancer may be particularly prone to this
false expectation of personal benefit from research with their
health data, which is comparable with therapeutic misconception
[35] in clinical trials. The study showed that the proportion of
those holding false expectation decreased considerably after the
modification of consent information material (12%). To reduce
the risk of false expectations, particularly in vulnerable groups
such as patients with severe illnesses, careful education about
the unlikelihood of direct benefits from making their clinical
data available for research purposes is needed.

High Expectations of Other Patients and Physicians
Our results indicate a clear expectation toward fellow patients
(696/838, 83.1%) to support medical research with clinical data,
which is consistent with a study conducted in Germany among
outpatients (80%-90%) [6]. Interestingly, more participants
expected their physicians to share clinical data for research
(754/838, 89.9%) than to protect their clinical data under all
circumstances (570/838, 68%). This is the first study to
investigate the expectations toward physicians.
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Limitations
The recruited sample is largely representative of the population
of patients with cancer in the federal state of
Baden-Württemberg in age, gender, and cancer entity. However,
we found that the educational level in our sample was higher
than that of the corresponding age cohorts of the German
population [36]. The educational level of the German population
presumably applies to the group of patients with cancer and
survivors of cancer. Owing to the topic of the survey, we suspect
a self-selection bias correlating with high educational level.
According to a study in the context of genetic research and
biobanking, high educational level positively correlates with
willingness to provide data [24]; consequently, our results may
overestimate willingness to provide clinical data. In addition,
false expectations of personal benefits from providing data for
secondary use may have increased the participants’ willingness
to share clinical data.
A considerable proportion of participants who had previously
agreed to hypothetically make their clinical data available
without restrictions, favored restricted use of their clinical data
when asked about specific requirements such as data user,
duration, and data use in other countries (Multimedia Appendix
9). We assume that the participants have not yet formed a strong
opinion about sharing their clinical data. Hence, the general
willingness to provide clinical data seems to measure an overall
attitude toward secondary use, rather than the actual willingness
to provide clinical data without restrictions for research
purposes.

Conclusions
Our study shows very high general willingness of patients with
cancer to make their clinical data available for biomedical
research purposes. However, the willingness to provide clinical
data may be overstated owing to the above-average educational
level of the respondents. For a considerable proportion of
patients with cancer, willingness depends on certain
requirements. In addition to the basic prerequisite of high level
of data security and transparency in the use of the data, most
patients shared the view that the data must not be used in
countries with low data protection standards and that they should
have the possibility to renew consent. In contrast to previous
studies, the exclusion of use of data for private sector studies
is not a requirement for most participants.
High willingness on the part of patients to accept loss of control
over clinical data in favor of research benefits and request to
maximize accessibility (and usability) of data for research were
found. This is consistent with the acceptance of more
research-friendly and low-control models, namely the broad
consent model, followed by data use by default (with the option
to opt out at any time). The striving for maximizing data use is
also reflected by patients’ expectations toward physicians and
other patients to support secondary use.
Policy makers are well advised to account for patients’ views
when designing and implementing secondary use, with the aim
to contribute to a socially legitimized culture of data sharing.
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Abstract
Background: Understanding how individuals think about a topic, known as the mental model, can significantly improve
communication, especially in the medical domain where emotions and implications are high. Neurodevelopmental disorders
(NDDs) represent a group of diagnoses, affecting up to 18% of the global population, involving differences in the development
of cognitive or social functions. In this study, we focus on 2 NDDs, attention deficit hyperactivity disorder (ADHD) and autism
spectrum disorder (ASD), which involve multiple symptoms and interventions requiring interactions between 2 important
stakeholders: parents and health professionals. There is a gap in our understanding of differences between mental models for
each stakeholder, making communication between stakeholders more difficult than it could be.
Objective: We aim to build knowledge graphs (KGs) from web-based information relevant to each stakeholder as proxies of
mental models. These KGs will accelerate the identification of shared and divergent concerns between stakeholders. The developed
KGs can help improve knowledge mobilization, communication, and care for individuals with ADHD and ASD.
Methods: We created 2 data sets by collecting the posts from web-based forums and PubMed abstracts related to ADHD and
ASD. We utilized the Unified Medical Language System (UMLS) to detect biomedical concepts and applied Positive Pointwise
Mutual Information followed by truncated Singular Value Decomposition to obtain corpus-based concept embeddings for each
data set. Each data set is represented as a KG using a property graph model. Semantic relatedness between concepts is calculated
to rank the relation strength of concepts and stored in the KG as relation weights. UMLS disorder-relevant semantic types are
used to provide additional categorical information about each concept’s domain.
Results: The developed KGs contain concepts from both data sets, with node sizes representing the co-occurrence frequency
of concepts and edge sizes representing relevance between concepts. ADHD- and ASD-related concepts from different semantic
types shows diverse areas of concerns and complex needs of the conditions. KG identifies converging and diverging concepts
between health professionals literature (PubMed) and parental concerns (web-based forums), which may correspond to the
differences between mental models for each stakeholder.
Conclusions: We show for the first time that generating KGs from web-based data can capture the complex needs of families
dealing with ADHD or ASD. Moreover, we showed points of convergence between families and health professionals’ KGs.

https://www.jmir.org/2022/8/e39888

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e39888 | p.851
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Kaur et al

Natural language processing–based KG provides access to a large sample size, which is often a limiting factor for traditional
in-person mental model mapping. Our work offers a high throughput access to mental model maps, which could be used for
further in-person validation, knowledge mobilization projects, and basis for communication about potential blind spots from
stakeholders in interactions about NDDs. Future research will be needed to identify how concepts could interact together differently
for each stakeholder.
(J Med Internet Res 2022;24(8):e39888) doi:10.2196/39888
KEYWORDS
concept map; neurodevelopmental disorder; knowledge graph; text analysis; semantic relatedness; PubMed; forums; mental
model

Introduction
Neurodevelopmental disorders (NDDs) are common and
represent a group of diagnoses consisting of differences in the
development of cognitive, motor, or social skills [1]. Attention
deficit hyperactivity disorder (ADHD) is the most common
cause of NDDs and affects the ability of children and adults to
focus their attention and regulate their motor activity. Another
condition is autism spectrum disorder (ASD), which is
associated with differences in social interaction, language, and
behavior. The prevalence of NDDs is up to 18% worldwide
when considering its most common conditions (ADHD) [2,3],
while some conditions like ASD will have prevalence closer to
1% [4]. Individuals with ASD and ADHD frequently experience,
in addition to their core disorders symptoms, a variety of
associated issues, including sleep difficulties, challenging
behaviors, and mental health concerns, with repercussions not
only on health but also on education and social needs. This
creates a level of complexity for parents and a need for large
care teams and challenges in communication for health
professionals involved with families with NDDs.
Research in medical complexity has shown how communication
and care can be improved by establishing each stakeholder’s
representation of a condition known as the mental model. Mental
models are dynamic and are constantly evolving sets of beliefs
and knowledge, which dictate parents’ and professionals’
decisions and behaviors [5,6]. When collaborating with others,
having contradictory mental models can lead to conflicting
expectations and impede communication [7,8]. Representing
mental models visually as a map increases communication and
collaboration in education [9] and health care [10]. Mental
models have been mapped using various in-person techniques
such as cognitive task analysis and concept mapping [11].
Nonetheless, those require trained professionals and access to
stakeholders, thereby limiting their scalability.
Knowledge graphs (KGs), as a graph-based information
representation format, have been widely applied in artificial
intelligence and structural representation of information [12].
KG represents knowledge in a structured way—concepts are
nodes connected to each other with edges denoting relationships
similar to concept maps. Web-based information has been
increasingly used to identify themes of interest to patients. For
instance, analysis of web-based information for individuals with
cancer has been used to compare patients’ and family members’
concerns [13], patients’ concern and research questionnaires
[14], or clinical trial topics [15]. In addition, natural language
https://www.jmir.org/2022/8/e39888
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processing (NLP) techniques have been used to identify and
compare the language used to describe different mental health
disorders [16]. The word co-occurrence analysis has been used
extensively to extract the meanings from text, including health
[17], cancer [18], and COVID-19 information, from Twitter
[19]. Semantic relatedness tasks play an important role in many
NLP applications such as word sense disambiguation [20,21],
aspect-based sentiment analysis [22], query expansion [23], and
information retrieval from electronic health records [24]. Our
study is the first, to our knowledge, to leverage KG building
tools to represent mental models from different stakeholders.
Moreover, it remains unclear how medical professional literature
addresses the topics of most interest to families. Therefore, we
propose an approach for comparing ASD-related or
ADHD-related concepts that are important and frequently
occurring in family forums and in the PubMed literature related
to these conditions. Our proposed approach is different from
that in the prior mentioned work as it utilizes the vector space
model (VSM)–based semantic relatedness technique to construct
the KG representation of ASD-related and ADHD-related
unified medical language system (UMLS) concepts.
The developed KGs depict concept maps of information from
2 sources: online communities and PubMed abstracts. They
help identify concepts with similar and dissimilar relevancy or
priority and their frequency of occurrence for the case of both
stakeholders. Such a methodology is essential, as obtaining such
information directly from stakeholders requires extensive effort
involving recruitment and conducting interviews or distributing
surveys (with often limited response rate).

Methods
Data Collection
PubMed Abstracts
Search queries “neurodevelopmental disorders [MeSH],”
“autism,” “autism spectrum disorder [MeSH],” “autistic
disorder,” “attention deficit and disruptive behavior disorders
[MeSH],” “attention deficit disorder with hyperactivity
[MeSH],” and “ADHD” were performed in PubMed using
Entrez Programming Utilities application programming interface
by the National Center for Biotechnology Information. A unique
list of 226,660 article identifiers was created, and abstracts were
retrieved by making another PubMed application programming
interface call, which returned 118,153 nonempty abstracts.
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Forum Posts
We manually googled publicly available web-based forums or
communities and subreddits around the NDD topics to gather
social media data and reviewed their privacy policies and terms
of use. We selected 3 sources: healthboards.com [25],
psychforums.com [26], and reddit [27], for which ethics
approval for data collection and analysis was obtained from the
University of Alberta. No HTML element containing identifiable
personal information such as username was scraped, and only
the one containing post was retrieved and stored locally. We
did not contact any users for this research. As these online
communities are not exclusively focused on NDD topics, we
selected subforums about ASD and ADHD such as autism,
Asperger syndrome, ADHD, and attention deficit disorder. We
found various subreddits around ASD and ADHD, including
askAutism, AutismBlogs, TeenAspies, ADD, adhd_anxiety,
ADHD, and ParentingADHD. Python Scrapy framework [28]
was used to scrape the posts from healthboards.com and
psychforums.com, while Reddit application programming
interface wrapper [29] was used to collect data from different
subreddits. We only considered the main post of the thread and
did not collect the list of replies to the thread. We assumed that
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the main thread consists of the concern posted by the forum
user (which was our primary goal in building the KG). We did
not include the replies as they would consist of the mention of
the same concepts and would falsely boost the frequency of
co-occurrence unless the text analysis pipeline has the ability
to understand the complete sentence context such as relation
extraction task. We did not filter the posts that were posted by
parents only; therefore, these could be from any family member,
caregiver, a friend of an individual with ASD or ADHD, or an
individual with a condition itself.

NLP Pipeline
Data Preprocessing
All PubMed abstracts and forum posts (henceforth referred to
as documents) were preprocessed using the Natural Language
Toolkit Python library in order to remove punctuation, tokenize
sentences into words, remove stop words, and lemmatize the
words [30]. This process is illustrated in Figure 1. Stop words
refer to the words that are not informative but occur a number
of times such as is, am, are, and have. The default list of stop
words provided by the Natural Language Toolkit was used as
is.

Figure 1. Text processing and knowledge graph generation methodology. Data collection consists of forum scraping using Scrapy, Reddit wrapper
application programming interface call, and PubMed application programming interface call. Collected documents are processed through the natural
language processing pipeline. The knowledge graph is developed from top 25 concepts related to the condition concepts (autism spectrum disorder or
attention deficit hyperactivity disorder) under selected semantic types. ADHD: attention deficit hyperactivity disorder; ASD: autism spectrum disorder;
PMI: pointwise mutual information; UMLS: unified medical language system.

UMLS Entity Linker
The UMLS is a collection of over 100 controlled vocabularies,
including but not limited to the International Classification of
Diseases-10th classification, medical subject headings, and
SNOMED Clinical Terms and contains over 4 million concepts
[31]. UMLS facilitates biomedical entity detection by combining
synonyms from different source vocabularies into canonical
terms called concepts. UMLS also classifies all of its concepts
into broader categories called semantic types; for instance, the
ASD concept is classified as a mental or a behavioral
dysfunction and the training programs concept as an educational
https://www.jmir.org/2022/8/e39888
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activity. Semantic types provide the additional categorical
information about the concept and are utilized in this project.
An existing open-source Python library scispaCy is used to
detect the UMLS concepts from documents [32]. The scispaCy
UMLS entity linker provides the score for each detected concept,
which ranges from 0 to 1. Low-scored terms would have higher
chances of false positives, and we set the probability cutoff of
0.7 to reduce the chances of false positives. Therefore, only the
concepts with scores greater than 0.7 along with their semantic
type were considered in the final annotation.
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In total, 124 UMLS semantic types from PubMed and 122
semantic types from the forum were detected, which could be
applicable to all subfields of the medical domain. Peng et al
[33] found that the precision of the UMLS entity linker tools
could be low if the entities are not specific to ASD, and they
used 13 semantic types in their analysis. Our preliminary
analysis of all the semantic types was performed by comparing
the frequencies of occurrence of each semantic type, which were
calculated using all detected concepts from the documents
corpus in each source. It showed that the most frequent semantic
types such as qualitative concept, functional concept, and idea
or concept in the database were not related to ASD and ADHD.
Multimedia Appendix 1 shows the top frequent semantic types
in each source. Considering the absence of established
NDD-related semantic types, we prioritized a set of 26 types
by reviewing associated concepts in collaboration with the NDD
expert. The selected 26 semantic types are “activity,” “age
group,” “behavior,” “congenital abnormality,” “diagnostic
procedure,” “daily or recreational activity,” “disease or
syndrome,” “educational activity,” “family group,” “finding,”
“health care–related organization,” “health care activity,”
“individual behavior,” “injury or poisoning,” “mental process,”
“mental or behavioral dysfunction,” “occupational activity,”
“occupation or discipline,” “organization,” “patient or disabled
group,” “professional or occupational group,” “professional
society,” “self-help or relief organization,” “social behavior,”
“sign or symptom,” and “therapeutic or preventive procedure.”
We excluded the frequent semantic types such as qualitative
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concept, functional concept, and idea or concept from the KG
developed for this analysis. However, we are aiming to use
those in future works.
If a concept is associated with more than one semantic type,
then the scispaCy entity linker returns the list of all semantic
types and does not consider the context of the sentences to select
the semantic type being discussed. As it returns a list of all
semantic types, we considered only the first returned semantic
type. Concepts that occur in at least 10 documents in the corpus
were considered for further analysis. Thus, we had 4494 unique
concepts in PubMed documents and 3627 unique concepts in
the forum.

Document Filter
All documents annotated with UMLS concepts passed through
a filter that removed documents without mentioning ASD-related
and ADHD-related concepts in the text. In UMLS, ASD,
Asperger syndrome, and autistic disorder are different concepts;
all the documents that mention any of these in either the abstract
or the title are considered under ASD. Further, Asperger
syndrome and autistic disorder concepts were replaced with
ASD. As a result, we obtained a final data set of 55,461 PubMed
abstracts in which 37,728 mentioned ASD, 20,805 mentioned
ADHD, and 3072 mentioned both conditions. For the forum,
the final data set contained 153,098 posts, in which 72,669 posts
were about ASD, 90,372 were about ADHD, and 9943 had
statements related to both conditions. Table 1 lists the number
of posts collected from 3 web-based forums.

Table 1. Number of documents collected from different data sources.
Source

Autism spectrum disorder

Attention deficit hyperactivity

documents

disorder documents

Both autism spectrum disorder and
attention deficit hyperactivity disorder documents

Reddit

66,552

87,022

9302

Psych forums

5029

1966

395

Health boards

1088

1384

246

Total documents from the 3 forums 72,669

90,372

9943

PubMed

20,805

3072

37,728

UMLS Concept Embeddings
Corpus-based numerical representation of concepts in the VSM
represents the meaning of a concept based upon its context. It
assumes that concepts that occur together in an environment
(either document level, sentence level, or a neighborhood
window of a particular size) would be related or similar to each
other. The size of the context frames affects the representation
of the concepts in the VSM, and many of the word embedding
models such as the Skip-gram model and
Continuous-bag-of-words model use window-context–based
approaches called a local context. Document-level
co-occurrence, referred to as a global context, provides more
topical information around the concept, as many topic modeling
approaches use the global context to detect the latent topics
from a document [34]. As we want to detect topically most
related concepts to ASD and ADHD, a global context-based
co-occurrence matrix of size n × n is created where n refers to
https://www.jmir.org/2022/8/e39888

XSL• FO
RenderX

the total number of unique UMLS concepts in a source. The
co-occurrence matrix is computed separately for PubMed and
forum, as contextual information around a concept could be
different depending upon the text corpus, which will eventually
affect the relatedness scores.

Positive Pointwise Mutual information
Positive pointwise mutual information (PPMI) followed by
truncated singular value decomposition (SVD) is used to embed
the concepts, which provide comparative performance to neural
network–based embedding models such as Word2Vec [35].
SVD PPMI usually produces consistent/stable results, where
stability refers to the change in a word’s neighborhood in the
VSM, whereas neural network–based approaches (Word2vec,
Glove) could lead to different results in different runs, as the
weight of the hidden layers representing the word embeddings
differs in multiple runs. SVD-based embeddings are not affected
by this problem [36,37]. Pointwise mutual information (PMI)
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is a probabilistic approach to quantify the likelihood of
co-occurrence and tells whether the co-occurrence is informative
or by chance. It is defined as follows:
PMI (ci, cj) = log [p (ci, cj) / (p (ci) × p (cj))] (1)
th

where ci = i concept or the row
cj = jth context concept or the column
p (ci) = marginal probability of ci
p (cj) = marginal probability of cj
p (ci, cj) = marginal probability of ci and cj
PMI varies from –1 to 1. If PMI is 0, co-occurrence of 2
concepts does not provide any information and is just by chance.
When the joint probability is much higher than marginal
probabilities, the co-occurrence is not by chance. If PMI is less
than 0, then the independent occurrences of the concepts ci and
cj are more informative as compared to co-occurrence. PPMI
sets the PMI to 0 if it is less than 0.
PPMI (ci, cj) = max (PMI (ci, cj), 0) (2)
PPMI provides a square matrix M of size n × n. For the PubMed,
n=4494 and for the forum, n=3627, which leads to high
dimensionality of the VSM.

Truncated SVD
SVD is a dimensionality reduction technique used to obtain a
low-rank approximation of a dense matrix M. SVD factorizes
the matrix M as a product of 3 matrices:
M = USVT(3)
where U and V are orthogonal matrices of size n × n and S is a
n × n diagonal matrix with diagonal values sorted from high to
low. The rank k (k<n) approximation of matrix M can be
obtained from equation (3) as follows:
Mk = UkSkVkT(4)
Where Uk is a n × k matrix, Sk is a k × k diagonal matrix and
VkT is a k × n matrix. UkSk is the matrix of size n × k, which
represents the n concepts in k dimensions. We set k=300 and
used Python scikit-learn library to implement truncated SVD
and obtain the 300D concept embedding [38]. Different low
embedding sizes (usually 300-500) are shown to be used without
specific mention of its effect on the final results and 300
dimensions of one of the commonly used sizes [39-41]. PPMI
followed by SVD, once applied on forum and PubMed corpus
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separately, provides 2 VSMs, which represent the concepts
depending upon their contextual information in each source.

Concept Relatedness
Semantic relatedness approaches detect the most related
concepts for a given concept based upon the context in which
it is used. Semantic similarity and relatedness tasks appear the
same, but similarity refers to the concepts that are synonymous
and can be used interchangeably, and relatedness refers to
concepts that are related because of their usage in the same
context. For example, ASD and aggressive behavior are related
but not similar. The concept relatedness between 2 concepts ci
and cj is measured using cosine similarity as the normalized dot
product of the context vectors Ci and Cj:
relatednessij = cosineSim (Ci, Cj) = Ci · Cj /
║Ci║║Cj║
relatednessij varies from (–1,1), where a value close to 1 means
ci and cj are closely related to each other and both vectors have
the same orientation in the VSM; a value close to 0 means ci
and cj are dissimilar and both vectors are orthogonal in the VSM;
and relatednessij of –1 indicates that ci and cj are in the opposite
direction in multidimensional space.

KG Representation
The property graph schema, Figure 2, represents concepts
associated with different UMLS semantic terms. There are nodes
representing the condition (ASD or ADHD), related UMLS
semantic types, and related concepts. Based upon relatedness
scores between the condition and the concepts, the top 25 related
concepts associated with each UMLS semantic type are used
for creating the graph. An edge “isRelatedTo” links a semantic
type node to a condition node, and each related concept is
connected to its semantic type using the “isA” relationship. A
set of property value pairs are stored on nodes as well as edges.
All nodes have a label, which refers to the concept name, and
the frequency, which is the proportion of documents in which
a given concept co-occurred with the condition (ASD or
ADHD), in each source data set. The frequency of a semantic
type node refers to the average frequency of its top 25 concepts.
The weight of the “isA” relationship indicates the relatedness
score between the concept and the condition in a source data
set, and no weight is assigned to “sameAs” and “isRelatedTo”
relations. The Neo4j graph database is used to store the
constructed KG [42].
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Figure 2. Knowledge graph schema. The co-occurrence frequency of the concept (blue circle) and the condition (orange circle) is stored as the frequency
of concept. The relatedness score of the concept to the condition is stored as the weight of isA relationship between the concept and the semantic type
(also blue circle). The direction of the sameAs relationship can be either way.

Results
Diverse Areas of Concerns Around ADHD and ASD
The developed KG representation of PubMed and forums depict
the mental models of both the stakeholders. We found a number
of UMLS concepts associated with different semantic types in
ADHD-related and ASD-related PubMed and forum data sets.
All the detected concepts along with their semantic relatedness
score are listed in Multimedia Appendix 2. In order to analyze
the different areas of concerns, we assessed health care (PubMed
abstracts) and family (forum posts) concepts associated with
ADHD by visualizing the KGs from PubMed abstracts and
family forums by using the Gephi network visualization tool
[43]. In the KG visualizations, the thickness and color darkness
of the relationship is proportional to cosine-based relatedness
score of the concept to the condition (ADHD or ASD), and the
size of the node/label is proportional to the co-occurrence
frequency. We detected a few insignificant concepts in some
of the semantic type groups. These concepts were then checked
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against the original text in the PubMed and forum documents,
which showed that these concepts were false positives and
therefore were removed from all of the analyses. Multimedia
Appendix 3 shows the removed concepts along with the
frequency of words linked to these concepts. Table 2
summarizes some of the most relevant terms for PubMed and
forum documents on ADHD under different UMLS semantic
types, which shows the different areas of concern for ADHD.
ADHD KGs generated from PubMed abstracts (see Multimedia
Appendix 4) and forums (see Multimedia Appendix 5) show
other areas of concerns such as “diagnostic procedure,”
“individual behavior,” “health care activity,” and “professional
or occupational group.” Similar to ADHD, ASD was found to
be linked to diverse concepts in different domains represented
by UMLS semantic types as shown in Table 3.
The KG representation of ASD PubMed abstracts (see
Multimedia Appendix 6) and forums (see Multimedia Appendix
7) shows concepts under other semantic types, indicating other
areas of concerns around ASD.
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Table 2. Attention deficit hyperactivity disorder–related concepts in PubMed and forums for specific unified medical language system semantic types.
Unified medical language system semantic type

PubMed

Forum

Mental or behavioral dysfunction

•
•
•
•
•
•

Inattention
Impulsive behavior
Hyperactive behavior
Attention deficit disorder
Substance abuse problem
Conduct disorder

•
•
•
•
•
•

Executive dysfunction
Psychiatric problem
Anxiety
Hyperactive behavior
Inattention
Mental depression

Age group

•
•
•

Adolescent
Adult
Young adult

•
•
•

Adult
Adolescent
Child

Daily or recreational activity

•
•
•

Sports
Youth sports
Recreational activity

•
•
•

Reading activity
Speaking activity
Exercise

Educational activity

•
•
•

Psychoeducation
Training programs
Socialization

•
•
•

Homework
Home schooling
Training programs

Social behavior

•
•
•

Parenting behavior
Social skills
Parent-child relationship

•
•
•

Lifestyle
Conversation
Social behavior

Table 3. Autism spectrum disorder–related concepts in PubMed and forums under specific unified medical language system semantic types.
Unified medical language system semantic type

PubMed

Forum

Mental or behavioral dysfunction

•
•
•
•

Developmental disabilities
Social communication disorder
Schizophrenia
Mental retardation

•
•
•
•

Bullying
Aphasia
Social anxiety
Stereotypic movement disorder

Age group

•
•
•

Child
Adult
Infant

•
•
•

Child
Adult
Adolescent

Social behavior

•
•
•

Communication
Social skills
Social cognition

•
•
•

Social skills
Social situation
Eye contact

Mental process

•
•

Perception
Cognition

•
•

Stereotyping
Intelligence

Daily or recreational activity

•
•
•

Physical activity
Youth sports
Speaking and reading activity

•
•
•

Sports
Game
Speaking and reading activity

Educational activity

•
•
•
•
•

Socialization
Training programs
Computer-assisted instruction
Special education
Parent training

•
•
•
•
•

Socialization
Training programs
Special education
Toilet training
Home schooling

Comparing PubMed and Forum KG
KG helps identify concepts of similar and different
relevance/priority between families and health professionals.
Knowing that shared understanding (shared mental model) has
been shown as a key factor in effective collaboration and quality
communication in health care [44], we aimed at identifying
potential concepts of similar and different relevance between
https://www.jmir.org/2022/8/e39888
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forums and medical literature. For comparing concepts, we
considered the top 25 concepts under selected UMLS semantic
types, which were the most related to each condition (ASD and
ADHD) based upon the relatedness scores, and visualized them
using Gephi. As shown in Figure 3, KGs—one for PubMed and
one for forum—are connected via the concepts that are of
concern for both health professionals and online communities
using “sameAs” relationship (orange arrow). The direction of
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this relationship can be either way. For the “isA” relationship
(purple arrow), its thickness refers to the relatedness score of
the concept to the condition (ADHD), which indicates the level
of relevance or priority. Different node sizes of concepts
connected with “sameAs” relationships show differences
between the frequency of the concept in respective sources,
such as mental depression and anxiety being more commonly
discussed in ADHD forums as compared to ADHD PubMed
abstracts, while hyperactive behavior, inattention, and impulsive
behavior are more discussed in PubMed comparatively.

difference. If score difference > µ + 2σ, then the concept is more
relevant for families (forum) and considered as a priority for
them because of the substantial score difference. If score
difference < µ – 2σ, then the concept is considered as more
relevant or as a priority for health professionals (PubMed).
Interestingly, as shown in Table 4, we found several concepts
of similar and dissimilar relevance to ADHD between PubMed
and forum (see Multimedia Appendix 8 for KG visualization).
The detailed relevance scores of all these concepts can be found
in Tables S1-S3 in Multimedia Appendix 9.

To summarize the concepts of similar and dissimilar
relevance/priority, we compared the relatedness score of all the
concepts in forum (FR) and PubMed (PR) and computed the
score difference (score difference = FR – PR). The concept is
of similar priority if its relatedness score is similar to both
stakeholders and score difference of the concept is within µ ±
2σ, where µ is mean and σ is standard deviation of score

Similarly, comparing the ASD-related concepts in both sources
using relatedness score difference and KG representation
provided various concepts of similar and dissimilar relevance,
as shown in Table 5 (Multimedia Appendix 10 for KG
visualization). Detailed relevance scores for all these concepts
are listed in Tables S4-S6 in Multimedia Appendix 9.

Figure 3. Knowledge graph representation of forums and PubMed around attention deficit hyperactivity disorder for mental or behavioral dysfunction
semantic type (green arrow). Concept label font size is proportional to the frequency of the concept in the source. The “sameAs” relationship (orange
arrow) connects the overlapping concepts. The thickness of the edge “isA” (purple arrow) refers to the relatedness score of the concept to the condition
(attention deficit hyperactivity disorder). ADHD: attention deficit hyperactivity disorder.
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Table 4. Converging and diverging priority level for concepts in attention deficit hyperactivity disorders in PubMed and forum data.
List of concepts
•
•
•
•
•
•
•
•
•
•

Impulsive behavior
Inattention
Anxiety
Mental depression
Hyperactive behavior
Sleeplessness
Emotional regulation
Attention
Training programs
Socialization

Concepts with high relevance to attention deficit hyperactivity disorder forums

•
•
•
•
•
•
•
•
•
•

Executive dysfunction
Forgetting
Racing thoughts
Psychiatric problem
Nervousness
Exhaustion
Oversleep
Sluggishness
Study habits
Procrastination

Concepts with high relevance to attention deficit hyperactivity disorder in PubMed

•
•
•
•
•
•
•
•
•
•

Substance abuse problem
Substance dependence
Conduct disorder
Antisocial behavior
Addictive behavior
Sleep phase delay
Amotivation
Anxiety symptoms
Oppositional behavior
Regulation of behavior

Concepts with similar relevance for both attention deficit hyperactivity
disorder sources
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Table 5. Converging and diverging priority levels for concepts in autism spectrum disorder in PubMed and forum data sets.
List of concepts
Concepts with similar relevance for both autism spectrum disorder sources

•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

Social communication disorder
Developmental disabilities
Aphasia
Autistic behavior
Intellectual disability
Mental disorders
Pervasive development disorder
Cerebral palsy
Seizures
Repetitive behavior
Social interaction
Nonverbal
Communication
Social behavior
Eye contact
Social skills
Aggressive behavior
Self-injurious behavior
Stereotyped behavior
Behavioral tic

Concepts with high relevance to autism spectrum disorder forums

•
•
•
•
•
•
•
•
•
•
•

Bullying
Obsessions
Social phobia
Social anxiety
Temper tantrum
Mutism
Nervousness
Social problems
Introvert
Social life
Crowding

Concepts with high relevance to autism spectrum disorder in PubMed

•
•
•

Immune dysregulation
Social cognition
Behavior adaptive

Discussion
Principal Findings
Understanding the needs and concerns of patients and their
families is recently being recognized as a key factor for better
communication between health professionals and families. This
has led to emerging research into the role of mental models in
medical practice [45-48] and their mapping [49]. Current
approaches include interviews with patients, families, or experts
and the identification of main concepts. Crandall et al [6]
identified cognitive task analysis as one approach to building
mental models. These rich interviews take place over a period
of 60-90 minutes with approximately 10 participants. Although
the information is rich and in depth, the process is both
time-consuming and limited in participant numbers and diversity
potentially.
From a theoretical perspective, our work shows how KG
building techniques and NLP could help create mental models
by using large-scale data sets and avoid bottlenecks such as
limited access to experts and privacy/availability for families.
Although the NLP methods used are well-established, the use
of NLP to generate KGs to derive mental models and to compare
them between families and health care professionals’ perspective
https://www.jmir.org/2022/8/e39888
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is completely novel to our knowledge. We show that web-based
data from forums capture the diversity of concerns of parents
of individuals with 2 important NDDs: ASD and ADHD.
Publicly available web-based data could reflect the data obtained
from more traditional approaches such as consultations or
surveys as published in the literature. We show how using
web-based data allows us to identify information about not only
diagnostic criteria, medication, symptoms, or comorbidities of
a condition but also other areas of concerns such as educational
activities, recreational activities, and social issues around a
condition, which were usually thought to be accessible mostly
by interviews. We also show that the topics are not only related
to controversies or unproven therapies, which has often been
the rationale for not using web-based information in the medical
domain. Similarly, interviews with medical experts are often a
bottleneck in understanding concerns in the medical domain.
We also illustrate how web-based data can be used to identify
points of convergence in priorities between the different
stakeholders involved in complex medical conditions such as
ADHD and ASD. Identification of converging points, that is,
concepts of similar interest to health professionals and families
could help clinicians and extension policy makers to identify
“conversation starters” or shared interest. Identifying the
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diverging concepts or even blind spots for each stakeholder
plays an important role for both clinicians and families. For
instance, concepts that are highly relevant to families could be
used by clinicians to frame continual medication education or
training enhancement. For families, they could be the focus of
knowledge mobilization, public education campaigns, or further
studies aimed at enhancing literacy about their disorder and
related conditions.
From a practical point of view, we present a framework that
allows us to identify and rank relevant concepts for different
sources by using corpus-based embeddings and semantic
relatedness approaches as compared to simple co-occurrence
frequency to rank related concepts. Developing a KG of the
related concepts to represent the mental model visualizations
could further assist in comparing converging and diverging
concepts between both sources. To our knowledge, as there is
no gold standard data set to evaluate the relatedness of concepts
in NDDs, our framework proposes to use graph analysis tools
such as Gephi to analyze and explore the KG visualizations
manually, which could help validate the results by experts.
Involving experts (expert in the middle) to review results of
NLP approaches facilitates detection of incorrect concepts,
which are the result of wrong mapping of abbreviations to
concepts. Together, our research provides a proof-of-principle
that will generate awareness about KGs as mental model maps
and be of use to multidisciplinary researchers in a wide range
of medical domains.

Comparison of KG-Based and Traditional Sources of
Information
We compared our findings with previous literature or reports,
which are the result of studies using traditional approaches such
as interviews or surveys and involving participants (parents or
health professionals) from the ASD and ADHD community.
For ADHD, for instance, we found that priorities for individuals
using the forum (parents, friends, caregivers) were related to
prescription of medication and physician types. This reflected
what has been discussed in the literature where participating
parents
were
concerned
about
medication
and
nonpharmacological interventions (preferred behavior
interventions) [50,51]. Another aspect of the topic of health
professionals is around the source of information, which was
noted previously as a major source of knowledge along with
the internet [52]. Focus groups–based study, with caregivers
included, showed that the major concern for the parents is about
their child becoming a successful adult and improving school
behavior [53,54] as well as improving their social situation and
emotional state [55], which were identified as a priority before.
We found the “behavioral habits” concept with relevancy score
of 0.51 as the second most related to ADHD forums in UMLS
semantic type “individual behavior.” However, our current
approach is based upon UMLS concept recognition and lacks
the ability to understand the location as well as age context from
the sentences that whether the “behavioral habits” is being
discussed for school or home and child or teen. The NLP forum
analysis also did not pick on an important trend for parents (and
health professionals) to use multimodal interventions [56].
Similarly, our analysis of PubMed papers on ADHD identified
topics previously identified by health experts as priorities. We
https://www.jmir.org/2022/8/e39888
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found that the highest ranking topics were discussion of core
symptoms of ADHD as well as comorbidities, conduct disorders,
and substance use. This mirrors the health experts’ consensus
reports highlighting the importance of treatment efficacy for
symptoms and raising the point of emotional aspects, academic
performance, and work performance [57] as well as
comorbidities such as mental illness and substance abuse
[58-60]. Overall, we found that the perspectives in family
ADHD forums and PubMed papers ranked at similar priority
to the core symptoms of ADHD, comorbid conditions such as
anxiety and depression, and the educational concerns of training
programs and socialization.
With regard to ASD, our other NDD use case in this study, we
found that the most overlapping topics had a similar priority
level for the different stakeholders reflected by PubMed
abstracts and ASD forums. These topics included classification
of the condition, symptoms and behaviors that accompany ASD,
and topics related to social interaction. Indeed, we found that
priorities for people using ASD forums included concerns about
social interaction such as social skills, communication, and
friendship, as well as daily activities like speaking. This is
similar to the findings of a survey distributed by Lai and Weiss
[61] investigating service needs for ASD, which found that
caregivers prioritized social skills and life-skills programs.
Another study also found that the parents’ main concern was
social interaction [62], but that study found that the next most
prevalent concerns were problem behavior and academics, which
we did not see in our analysis of forums. A Serbian study
similarly supported communication, social interaction, and daily
activities as being caregiver priorities [63]. In addition, our
analysis of PubMed abstracts revealed frequent discussion of
classification of ASD and its relation to fetal alcohol spectrum
and NDDs, concerns about social interaction and
communication, and a focus on children with ASD. These
priorities are supported by physicians’ approach to ASD, which
takes advantage of a diverse team of professionals to focus on
improving social interaction and communication [64,65]. This
is not to say that parents and research priorities are always
aligned as shown in a recent survey in the United Kingdom,
illustrating how research tends to be focused on biomedical
aspects rather than services and supports [66].
We show that the KG derived from PubMed papers recapitulated
the findings of position papers on the topic of ADHD and ASD
as mentioned above. However, some of the differences in our
findings and the participant-based study results could result
from the differences in sample sizes or selection bias (age of
caregivers and thus, children could be younger than school or
adulthood ages). The collected web-based forum data are
considerably larger than the number of participants in
interview-based studies and therefore could include points of
views not identified before. Alternatively, we could speculate
that families may be more inclined to share personal concerns
online than in an interview, although we did not find published
studies looking into this topic. Further, we have included all the
PubMed papers and web-based forums regardless of their
publication or posting time (PubMed may include older
concepts, which are no longer contemporary concerns), as
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opposed to the abovementioned expert opinions that were from
the last 5 years or less.

Advantages of Our Approach
Although representing priorities and conceptions of individuals
involved in a relation has already been shown to be beneficial
to communication and efficacy, using web-based data offers
the ability to include a larger number of individuals as shown
here from the forum. This would allow for better coverage of
the diverse opinion and reflect differences in experience. We
also found that forum posts and PubMed papers presented with
equivalent density of coverage for all domains examined,
suggesting that they present a richness in perspectives and not
only trends for instance. Moreover, in the future, our approach
could be used to compare concerns of individuals in different
countries, in city versus rural settings, or for newcomers to a
country, for example. Obtaining the related concepts from the
corpus-based VSM and representing those as connected nodes
in a property graph model–based KG helps identify convergent
and divergent concepts by using different dimensions of
interpretability. Node size, which is the frequency of concepts
in documents about a condition, tells how widely the concept
is discussed in a source. Edge thickness, which is proportional
to semantic relatedness score, tells how related a concept is to
the condition (ASD or ADHD) depending upon the context in
which it is used. This is important as it can help focus attention
for knowledge translation and medical education and policy
and research development.

Limitations of Our Approach
Some of the limitations relate to the nature of the data used to
construct the graph. Forum posts present some challenges. The
forums do not precisely define if the users are parents,
caregivers, or potentially family members of individuals with
ASD and ADHD. This may influence the type of information
requested. In addition, the users are by definition selected on
the basis of them using technology to gather information. This
could represent a bias based on access to technology, which
would be influenced by social determinants of health and
therefore could have an incomplete representation of the
concerns of parents. In addition, owing to concerns about
confidentiality, parents may not share all the concerns they have
about their family member with ADHD or ASD. Another
important point is that health care is represented by PubMed
literature here. Although it is true that PubMed represents a
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high-quality corpus of medical literature, it may not reflect
completely what would be discussed by health care providers,
say using web-based forums if they were present. In addition,
from a technical standpoint, our proposed semantic
relatedness–based KG representation utilizes only the categorical
information about the UMLS concepts, which is indicated by
the “isA” relationship in KG. However, UMLS provides a
semantic network, which shows several meaningful relationships
between different semantic types in the form of triples, that is,
type1, relation, type2, etc: for instance, (“Mental or Behavioral
Dysfunction,” “associated_with,” “Daily or Recreational
Activity”) and (“Disease or Syndrome,” “co-occurs_with,”
“Mental or behavioral dysfunction”). Utilizing this information
could provide more meaningful and direct relations between
the concepts of different semantic types. We aim to apply the
distantly supervised relation extraction approach on each
document corpus, which utilizes the UMLS semantic network
to obtain diverse relations between different concepts [67,68].
The output of this approach can also be used as training data
for deep learning algorithms to train relation extraction models,
which would allow us to create KG by processing text corpus
not only for the NDD domain but also for any other condition.

Conclusion
Our study shows the benefits of using KGs developed based on
the results of NLP analysis of a text. The graphs representing
the mental models of key concerns from parents of individuals
with ASD and ADHD are compared to those built on medical
expert knowledge in the same field. The comparison allows
identifying points of overlapping and diverging interest. We
showed that there are several points of convergence and an
extensive list of concerns in both types of stakeholders. This is
important, as obtaining such information directly from
stakeholders requires extensive effort for recruitment and
conducting of interviews or distribution of surveys (with often
limited response rate). Furthermore, we found that published
reports of polling or interviews with ADHD or ASD families
or medical experts identified similar concerns to what we
identified through NLP and the comparison of graphs. Future
field work would complement our work, which could help
understand how different concepts present with complex
interactions or how specific populations may differ from one
another based on different factors such as social determinants
of health.
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Abstract
Background: During the COVID-19 pandemic, there have been increased reports of racial biases against Asian American and
Native Hawaiian and Pacific Islander individuals. However, the extent to which different Asian American and Native Hawaiian
and Pacific Islander groups perceive and experience (firsthand or as a witness to such experiences) how COVID-19 has negatively
affected people of their race has not received much attention.
Objective: This study used data from the COVID-19 Effects on the Mental and Physical Health of Asian Americans and Pacific
Islanders Survey Study (COMPASS), a nationwide, multilingual survey, to empirically examine COVID-19–related racial bias
beliefs among Asian American and Native Hawaiian and Pacific Islander individuals and the factors associated with these beliefs.
Methods: COMPASS participants were Asian American and Native Hawaiian and Pacific Islander adults who were able to
speak English, Chinese (Cantonese or Mandarin), Korean, Samoan, or Vietnamese and who resided in the United States during
the time of the survey (October 2020 to May 2021). Participants completed the survey on the web, via phone, or in person. The
Coronavirus Racial Bias Scale (CRBS) was used to assess COVID-19–related racial bias beliefs toward Asian American and
Native Hawaiian and Pacific Islander individuals. Participants were asked to rate the degree to which they agreed with 9 statements
on a 5-point Likert scale (ie, 1=strongly disagree to 5=strongly agree). Multivariable linear regression was used to examine the
associations between demographic, health, and COVID-19–related characteristics and perceived racial bias.
Results: A total of 5068 participants completed the survey (mean age 45.4, SD 16.4 years; range 18-97 years). Overall, 73.97%
(3749/5068) agreed or strongly agreed with ≥1 COVID-19–related racial bias belief in the past 6 months (during the COVID-19
pandemic). Across the 9 racial bias beliefs, participants scored an average of 2.59 (SD 0.96, range 1-5). Adjusted analyses revealed
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that compared with Asian Indians, those who were ethnic Chinese, Filipino, Hmong, Japanese, Korean, Vietnamese, and other
or multicultural had significantly higher mean CRBS scores, whereas no significant differences were found among Native Hawaiian
and Pacific Islander individuals. Nonheterosexual participants had statistically significant and higher mean CRBS scores than
heterosexual participants. Compared with participants aged ≥60 years, those who were younger (aged <30, 30-39, 40-49, and
50-59 years) had significantly higher mean CRBS scores. US-born participants had significantly higher mean CRBS scores than
foreign-born participants, whereas those with limited English proficiency (relative to those reporting no limitation) had lower
mean CRBS scores.
Conclusions: Many COMPASS participants reported racial bias beliefs because of the COVID-19 pandemic. Relevant
sociodemographic contexts and pre-existing and COVID-19–specific factors across individual, community, and society levels
were associated with the perceived racial bias of being Asian during the pandemic. The findings underscore the importance of
addressing the burden of racial bias on Asian American and Native Hawaiian and Pacific Islander communities among other
COVID-19–related sequelae.
(J Med Internet Res 2022;24(8):e38443) doi:10.2196/38443
KEYWORDS
COVID-19; racial bias; Asian American; Native Hawaiian and Pacific Islander; mobile phone

Introduction
Background
Over the past 2 years, Asian American individuals have been
facing a dual pandemic—COVID-19, as well as increased
experiences and fear of racial bias, discrimination, and hate.
This has been fueled by racist rhetoric (eg, linking the
COVID-19 pandemic with China) rather than a neutral framing
of the virus in public health messaging as part of the pandemic
response [1,2]. A recent review highlighted the increased anxiety
associated with being Asian American during the COVID-19
pandemic among Asian American individuals overall and
individuals of Chinese or East Asian descent in particular [3].
Although it is not new, reports of discrimination and hate
incidents have been on the rise since the start of the pandemic.
An April 2020 survey of 1001 adults found that 32% reported
witnessing someone blaming Asians for the COVID-19
pandemic, whereas 60% of the Asian respondents had witnessed
the same [4]. In a later public poll, Asian American respondents
were most likely (than White, Hispanic, and Black adults) to
report that they had experienced people acting as if they were
uncomfortable around them (39%), been subject to slurs or jokes
(31%), and feared that someone might threaten or physically
attack them (26%) because of their race since the COVID-19
outbreak [5]. According to Stop AAPI Hate, >10,000 reports
of anti-Asian hate incidents were reported on this site between
March 2020 and September 2021 [6]. Compared with reports
of anti-Asian hate incidents made in 2020, of the total number
of hate incidents, physical assaults rose from 10.8% to 16.6%,
and web-based hate incidents increased from 6.1% to 10.6% in
2021; furthermore, these hate incidents occurred more often in
public streets, schools, and places of worship [6]. Few studies
collected data on discrimination experiences or incidents broken
down by Asian American and Native Hawaiian and Pacific
Islander ethnic groups. A large survey (N=4971) of Asian
American and Pacific Islander participants found that 60.7%
experienced discrimination during the COVID-19 pandemic,
and reports of these experiences were particularly high for
Hmong (80%), ethnic Chinese (64.7%), Korean (64.2%),
Filipino (61.3%), Japanese (57.7%), Vietnamese (55.7%), Asian
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Indian (41.5%), and Native Hawaiian and Pacific Islander
(40.5%) participants [7]. In another survey of >2400 Asian
American and Pacific Islander women during January and
February of 2022, Native Hawaiian and Pacific Islander women
reported the highest percentage (80%) of reporting racism or
discrimination incidents or harassment, followed by similar
levels reported by East Asian (72%), South Asian (73%), and
Southeast Asian (75%) women [8].
There has been substantial coverage of anti-Asian incidents and
hate crimes via popular news media, reports from Stop AAPI
Hate, and findings from multiple surveys [4,5,8,9]. However,
there is limited understanding of the extent to which Asian
American and Native Hawaiian and Pacific Islander individuals’
perceptions and experiences (firsthand or as a witness) relate
to how COVID-19 has negatively affected people of their race,
particularly about perceived racial bias sentiments by diverse
Asian American and Native Hawaiian and Pacific Islander
populations. Racial bias is defined as a personal or unreasonable
belief or judgment of a person based on their race and is rooted
in stereotypes and prejudices [10]. Prior research has shown a
multitude of impacts of racial bias on one’s lived experiences
in the form of legal decisions regarding disparities in education
and economic opportunities [11], as well as health care and
health status [12,13].

Objectives
Social determinants of health and contextual models suggest
that race and ethnicity, socioeconomic status, and social
environment are important factors related to experiences of
discrimination and racial bias [14,15]. Research on
discrimination and Asian American individuals has shown that
perceived discrimination varies by age, gender, and other
demographic characteristics [7,16,17]. Drawing on these
frameworks and previous research, we used data from the
COVID-19 Effects on the Mental and Physical Health of Asian
Americans and Pacific Islanders Survey Study (COMPASS), a
nationwide, multilingual, community-based survey conducted
in the United States to empirically examine racial bias beliefs
on Asian American and Native Hawaiian and Pacific Islander
individuals, as related to the COVID-19 pandemic, and a
cross-sectional analysis of the factors associated with these
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beliefs. Uniquely, we also examined COVID-19–related racial
bias beliefs in different Asian American and Native Hawaiian
and Pacific Islander ethnic subgroups. Data disaggregation is
important and pivotal for identifying the distinct challenges and
needs of diverse Asian American and Native Hawaiian and
Pacific Islander communities.

Methods
Data Source
Between October 2020 and February 2021, a total of 5218 Asian
American and Native Hawaiian and Pacific Islander adults
completed the COMPASS survey. COMPASS is a multilingual
community-based nationwide survey that assesses the effects
of COVID-19 on Asian Americans and Native Hawaiian and
Pacific Islanders. The eligibility criteria for participating in the
COMPASS included (1) self-identifying as Asian American or
Native Hawaiian and Pacific Islander alone or in combination
with other races and ethnicities; (2) being aged at least 18 years;
(3) residing in the United States; and (4) able to speak or read
English, Chinese (traditional or simplified), Korean, Samoan,
or Vietnamese. These languages were selected as they represent
some of the commonly spoken languages among Asian
American and Pacific Islander individuals with limited English
proficiency (LEP) [18], and this was the language capacity
supported by the parent award for COMPASS at the time of the
study [19]. Participants completed the survey on the web via
the study’s website [19], via phone, or in person in the
abovementioned languages. We used the World Health
Organization’s process of translating and adapting instruments
[20] to guide translations of study materials not readily available
in the targeted Asian American and Native Hawaiian and Pacific
Islander languages. REDCap (Research Electronic Data Capture;
Vanderbilt University) [21,22] was used to capture and store
data securely.
Participants could have heard about COMPASS through
community partners who serve Asian American and Native
Hawaiian and Pacific Islander individuals, personal or
professional networks, social media, emails or listservs, flyers,
and ethnic media. COMPASS also recruited from the
Collaborative Approach for Asian Americans and Pacific
Islanders Research and Education (CARE) registry [19], which
is the first and only research recruitment registry that
purposively engages Asian American and Native Hawaiian and
Pacific Islander participants in multiple languages via strong
community partnerships. Of the 2600 CARE registry participants
who received an email invitation to participate in COMPASS,
526 (20.23%) completed the COMPASS survey. Approximately
86.64% (4521/5218) of participants completed the survey by
themselves, and 11.33% (591/5218) of participants received
help from family, friends, or research staff. The participants
had the option to receive a US $10 electronic gift card upon
survey completion. All participants provided informed consent
for inclusion before participating in the study.
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Measures
Overview
The measurement framework for this study was guided by the
previously discussed literature on social determinants of health
and contextual models suggesting that sociodemographic
contexts and social environments are important factors related
to experiences of racial bias [14,15]. We posit that there are
multiple influences on COVID-19–related racial bias beliefs
that operate within the sociodemographic contexts of Asian
American and Native Hawaiian and Pacific Islander individuals
(eg, cultural group, age, sex, sexual orientation, education,
income, employment, marital status, English proficiency,
nativity, percentage of life spent in the United States, geographic
regions, and survey completion month), which intersect with
individuals’ experiences of COVID-19–specific impacts. These
included individuals’ COVID-19 status; perceived severity of
COVID-19 in one’s neighborhood or community compared
with others; length of shelter-in-place (SIP); and COVID-19
effect on family income or employment, social support, and
medical and mental health care access.

COVID-19–Related Racial Bias Beliefs
The 9-item Coronavirus Racial Bias Scale (CRBS) [23],
accessed via the PhenX Toolkit [24], was used to assess beliefs
about how the COVID-19 pandemic affected public attitudes
(eg, the country becoming more dangerous), racial or ethnic
biases affecting employment and access to health services, and
racially charged social media and cyberbullying toward Asian
American and Native Hawaiian and Pacific Islander individuals
in the United States. Participants were asked to rate the degree
to which they agreed with 9 statements on a 5-point Likert scale:
1=strongly disagree, 2=somewhat disagree, 3=neutral,
4=somewhat agree, and 5=strongly agree. Cronbach α for this
study sample was .90; the α of CRBS ranged from .85 to .92
across the 5 survey languages. For participants who responded
to all the 9 items (5068/5218, 97.12%), the total score was
computed by averaging all the items (scores ranged from 1 to
5). A higher score indicated a greater degree of agreement with
COVID-19–related racial bias beliefs.

Sociodemographic Characteristics
Participants’ demographic characteristics included cultural group
(Asian Indian, Ethnic Chinese, Filipino, Hmong, Japanese,
Korean, Native Hawaiian and Pacific Islander, Vietnamese, and
other or multicultural), age (<30, 30-39, 40-49, 50-59, and ≥60
years), sex (male, female, and other or decline to state), sexual
orientation (heterosexual, not heterosexual, and decline to state),
education level (high school or less, some college or technical
school, bachelor’s degree, and master’s degree or higher), annual
household income (≤US $25,000, >US $25,000 to US $75,000,
>US $75,000 to US $150,000, >150,000, and decline to state),
employment status (full-time, part-time, homemaker,
unemployed, retired, and other), and marital status (single,
married or living with partner, separated or divorced, and
widowed). Self-rated English proficiency was assessed using
“How well can you speak, read, and/or write English?” with
responses of a little bit or not at all categorized as having LEP.
Nativity was assessed using yes or no or whether the participant
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was born in the United States. For US-born participants, the
percentage of life spent in the United States was 100%, and for
non–US-born participants, this was calculated by subtracting
the age of entry into the United States from the current age and
dividing the current age. The US region (Midwest, Northeast,
South, and West) was determined by converting the zip code
or IP address in cases of missing zip codes (143/5068, 2.82%)
per the Census Bureau definition [25]. The survey completion
date was classified by month and year.

COVID-19–Related Experiences and Impacts
Individuals’ COVID-19 status was measured by asking
participants, “Have you been diagnosed with COVID-19 by a
doctor or other health care provider?” The responses were
recorded as yes, no, or unsure. This item was taken from the
questionnaire for assessing the impact of the COVID-19
pandemic and accompanying mitigation efforts on older adults
[26].
Perceived severity of COVID-19 was a single item developed
by the COMPASS study team. Participants were asked, “How
would you rate the severity of COVID-19 outbreak at where
you live in comparison to other locations in the US?” The
response options were 1 (much less severe than most other
places in the United States), 2 (somewhat less severe), 3 (about
the same), 4 (somewhat more severe), and 5 (much more severe).
The length of the SIP item was also developed by COMPASS.
Participants were asked, “How long was the SIP (or
stay-at-home) order at where you live?” The response options
were 0 (no order), 1 (<1 month), 2 (1-2 months), and 3 (≥2
months).
Four items from the Coronavirus Impact Scale [27] were used
to measure the impact of COVID-19 on four areas: family
income or employment, social support, and access to medical
and mental health care. Participants were asked to rate the extent
to which COVID-19 changed their lives in each of the four areas
using response options: 0 (no change), 1 (mild change), 2
(moderate), or 3 (severe). For medical health care access and
mental health treatment access, participants were provided not
applicable as a response option in addition to the 0 to 3 options.

Statistical Analyses
Descriptive statistics were computed to describe the study
sample. Given that this study was among the first to use the
CRBS with a large diverse sample of Asian American and
Native Hawaiian and Pacific Islander individuals in multiple
languages, we reported the percentages endorsed for each CRBS
item. For descriptive purposes only, to provide an overall
description of participants’ endorsement of any of the
COVID-19–related racial bias beliefs measured by the CRBS,
we created a dichotomous variable—any racial bias
belief—from the CRBS items. Participants who responded
strongly agree or agree to any of the 9 CRBS items were
classified as having COVID-19–related racial bias beliefs, and
those who did not respond strongly agree or agree to any of the
statements were classified as not having these beliefs. Chi-square
tests were used to examine associations between sample
characteristics and the presence of racial bias beliefs.
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To examine the associations among demographic, health, and
COVID-19–related characteristics and COVID-19–related racial
bias beliefs, we fit unadjusted and fully adjusted multivariable
linear regression models using the CRBS score as a continuous
outcome. To ensure that all the important variables were
included, this study selected a P value of <.10 a priori to include
candidate variables in the final model. To avoid potential
collinearity in the final model, as well as to capture the effect
of both language proficiency and nativity, these variables were
included in the final model, whereas the percentage of life in
the United States was not. The model with LEP and nativity
and the model with the percentage of life in the United States
both performed similarly with respect to the model R2 (0.33 vs
0.34, respectively). In addition, because of the rapidly evolving
landscape of the COVID-19 pandemic, we included the survey
completion month as a covariate in the final multivariable
regression model. Finally, the selection of reference groups in
the linear regression models was based on the group that was
least likely to report experiences of racial bias. For example,
for cultural group comparisons, Asian Indians were selected as
the reference group as they reported the lowest proportion of
racial bias perceptions among all the Asian American and Native
Hawaiian and Pacific Islander subgroups. All statistical tests
were 2-sided.

Ethics Approval
The study was conducted in accordance with the Declaration
of Helsinki, and the protocol was approved by the University
of California San Francisco Institutional Review Board (protocol
20-31925).

Results
Participant Characteristics
A total of 5068 participants contributed to the final study sample.
As shown in Table 1, 73.97% (3749/5068) of the participants
reported having ≥1 of the 9 COVID-19 racial bias beliefs in the
past 6 months (during the COVID-19 pandemic). The mean
CRBS score was 2.59 (SD 0.96, range 1-5). The participants
primarily identified as ethnic Chinese (including individuals
from China, Hong Kong, and Taiwan; 1786/5068, 35.24%),
Korean (1132/5068, 22.34%), and Vietnamese (953/5068,
18.8%). The participants had a mean age of 45.4 (SD 16.4, range
18-97) years. Most participants were male (3237/5068, 63.87%),
identified as heterosexual (4618/5068, 91.12%), and were
married or living with a partner (3288/5068, 64.88%).
Approximately 22.99% (1165/5068) of participants had LEP,
and approximately two-thirds were foreign born and resided in
the Western United States region (3288/5068, 64.88%).
Only 3.39% (172/5068) of the study sample reported testing
positive for COVID-19. In bivariate analyses, except for
COVID-19 positivity, all demographic characteristics, other
COVID-19–related measures (eg, length of SIP, perceived
severity of COVID-19, and changes because of COVID-19),
and month of survey completion were significantly associated
with having COVID-19–related racial bias beliefs.
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Table 1. COVID-19 Effects on the Mental and Physical Health of Asian Americans and Pacific Islanders Survey Study participant characteristics
(N=5068).
Variables

All

Having racial bias belief

P value

Yesa (n=3749)

No (n=1319)

2.59 (0.96; 1-5)a

2.97 (0.76; 1-5)

1.53 (0.62; 1-5)

N/Ac

Asian Indian

298 (5.88)

132 (44.3)

166 (55.7)

<.001

Ethnic Chinesed

1786 (35.24)

1508 (84.4)

278 (15.6)

<.001

Filipino

176 (3.47)

148 (84.1)

28 (15.9)

<.001

Hmong

110 (2.17)

104 (94.6)

6 (5.4)

<.001

Japanese

220 (4.34)

190 (86.4)

30 (13.6)

<.001

Korean

1132 (22.34)

687 (60.7)

445 (33.7)

<.001

Native Hawaiian and Pacific Islander

136 (2.68)

63 (46.3)

73 (53.7)

<.001

Vietnamese

953 (18.80)

690 (72.4)

263 (27.6)

<.001

Multicultural

172 (3.4)

159 (92.4)

13 (7.6)

<.001

Other

85 (1.67)

68 (80)

17 (20)

<.001

Values, mean (SD; range)

45.4 (16.4; 18-97)

43.2 (16.0; 18-95)

51.7 (16.0; 18-97)

N/A

<30

1109 (21.9)

984 (88.7)

125 (11.3)

<.001

30-39

881 (17.4)

682 (77.4)

199 (22.6)

<.001

40-49

923 (18.2)

685 (74.2)

238 (25.8)

<.001

50-59

1048 (20.7)

737 (70.3)

311 (29.7)

<.001

≥60

1107 (21.8)

661 (59.7)

446 (33.8)

<.001

Female

3237 (63.87)

2469 (76.3)

768 (23.7)

<.001

Male

1788 (35.28)

1249 (69.9)

539 (30.1)

<.001

Other or decline to state

43 (0.8)

31 (72.1)

12 (27.9)

<.001

Heterosexual

4618 (91.12)

3388 (73.4)

1230 (26.6)

<.001

Not heterosexual

228 (4.49)

214 (93.9)

14 (6.1)

<.001

Decline to state

222 (4.38)

147 (66.2)

75 (33.8)

<.001

High school or less

808 (16.2)

526 (65.1)

282 (34.9)

<.001

Some college or technical school

593 (11.9)

457 (77.1)

136 (22.9)

<.001

Bachelor’s degree

1836 (36.8)

1420 (77.3)

416 (22.7)

<.001

Master’s degree or higher

1748 (35.1)

1298 (74.3)

450 (25.7)

<.001

≤25,000

847 (15.7)

549 (64.8)

298 (35.2)

<.001

>25,000-75,000

1389 (27.4)

1031 (74.2)

358 (25.8)

<.001

>75,000-150,000

1249 (24.6)

972 (77.8)

277 (22.2)

<.001

>150,000

991 (19.6)

771 (77.8)

220 (22.2)

<.001

Decline to state

592 (11.7)

426 (72)

166 (28)

<.001

CRBSb score, mean (SD; range)
Sociodemographic characteristics, n (%)
Cultural group

Age (years)

Sex, n (%)

Sexual orientation, n (%)

Education, n (%)

Annual household income (US$), n (%)

Employment status, n (%)
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Having racial bias belief
Yesa (n=3749)

No (n=1319)

P value

Full-time

2334 (46.05)

1793 (76.8)

541 (23.2)

<.001

Part-time

870 (17.16)

637 (73.2)

233 (26.8)

<.001

Homemaker

430 (8.48)

282 (65.6)

148 (34.4)

<.001

Unemployed

529 (10.44)

425 (80.3)

104 (19.7)

<.001

Retired

570 (11.25)

365 (64)

205 (36)

<.001

Other or decline to state

335 (6.68)

247 (73.7)

88 (26.3)

<.001

Single

1398 (27.58)

1184 (84.7)

214 (15.3)

<.001

Married or living with partner

3288 (64.88)

2295 (69.8)

993 (30.2)

<.001

Separated, divorced, or widowed

339 (6.68)

239 (70.5)

100 (29.5)

<.001

Declined

43 (0.8)

31 (72.1)

12 (27.9)

<.001

Yes

1165 (22.98)

657 (56.4)

508 (43.6)

<.001

No

3903 (77.01)

3092 (79.2)

811 (20.8)

<.001

US-born

1761 (34.75)

1565 (88.9)

196 (11.1)

<.001

Foreign-born

3236 (63.85)

2126 (65.7)

1110 (34.3)

<.001

≤25

670 (13.22)

431 (64.3)

239 (35.7)

<.001

>25 to ≤50

1014 (20)

305 (59.7)

409 (40.3)

<.001

>50 to ≤75

979 (19.32)

653 (12.9)

326 (33.3)

<.001

>75 to <100

508 (10.0)

419 (82.5)

89 (17.5)

<.001

100

1761 (34.74)

1565 (88.9)

196 (14.9)

<.001

West

3288 (64.88)

2436 (74.1)

852 (25.9)

<.001

Midwest

432 (8.52)

349 (80.8)

83 (19.2)

<.001

Northeast

623 (12.29)

459 (73.7)

164 (26.3)

<.001

South

720 (14.21)

503 (69.9)

217 (30.1)

<.001

October 2020

390 (7.69)

335 (85.9)

55 (14.1)

<.001

November 2020

680 (13.42)

505 (74.3)

175 (25.7)

<.001

December 2020

1350 (26.64)

1027 (76.1)

323 (23.9)

<.001

January 2021

2317 (45.72)

1684 (72.7)

633 (27.3)

<.001

February 2021

331 (6.53)

198 (59.8)

133 (40.2)

<.001

Yes

172 (3.39)

131 (76.2)

41 (23.8)

<.001

No

4542 (89.62)

3398 (74.8)

1144 (25.2)

<.001

Unsure

286 (5.64)

181 (63.3)

106 (36.7)

<.001

447 (8.82)

303 (67.8)

144 (32.2)

<.001

Marital status, n (%)

LEPe, n (%)

Nativity, n (%)

Life in the United States (%), n (%)

Census region, n (%)

Month and year of survey completion, n (%)

COVID-19-related experiences and impacts
COVID-19 positivity, n (%)

The severity of COVID-19 where they live, n (%)
A lot less
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All

Having racial bias belief
Yesa (n=3749)

No (n=1319)

P value

Somewhat less

869 (17.15)

659 (75.8)

210 (24.2)

<.001

About the same

1114 (21.98)

785 (70.5)

329 (29.5)

<.001

Somewhat more

1494 (29.47)

1114 (74.6)

380 (25.4)

<.001

A lot more

1121 (22.12)

872 (77.8)

249 (22.2)

<.001

No order

355 (7.0)

178 (50.1)

177 (49.9)

<.001

<1 month

272 (5.36)

175 (64.3)

97 (35.7)

<.001

1 to <2 months

574 (11.33)

458 (79.8)

116 (20.2)

<.001

2 to <3 months

579 (11.42)

482 (83.3)

97 (16.7)

<.001

≥3 months

2826 (55.76)

2140 (75.7)

686 (24.3)

<.001

Do not know

442 (8.72)

304 (68.8)

138 (31.2)

<.001

No change

2086 (41.16)

1438 (68.9)

648 (31.1)

<.001

Mild change

1542 (30.43)

1198 (77.7)

344 (26.3)

<.001

Moderate change

1254 (24.74)

975 (77.8)

279 (21.3)

<.001

Severe change

166 (3.28)

128 (77.1)

38 (22.9)

<.001

No change

1046 (20.64)

623 (59.6)

423 (40.4)

<.001

Mild change

2201 (43.43)

1623 (73.7)

578 (26.3)

<.001

Moderate change

1526 (30.11)

1263 (82.8)

263 (17.2)

<.001

Severe change

249 (4.91)

213 (85.5)

36 (14.5)

<.001

No change

1876 (37.01)

1288 (68.7)

588 (31.3)

<.001

Mild change

1574 (31.05)

1208 (76.8)

366 (23.2)

<.001

Moderate change

1070 (21.11)

855 (79.9)

215 (20.1)

<.001

Severe change

88 (1.73)

74 (84.1)

14 (15.9)

<.001

Not applicable

435 (8.58)

307 (70.6)

128 (29.4)

<.001

No change

2271 (44.81)

1576 (69.4)

695 (30.6)

<.001

Mild change

554 (10.93)

459 (82.9)

95 (17.1)

<.001

Moderate change

240 (4.74)

179 (74.6)

61 (25.4)

<.001

Severe change

85 (1.67)

65 (86.7)

10 (13.3)

<.001

Not applicable

1882 (37.13)

1443 (76.7)

439 (23.3)

<.001

Length of SIPf order

COVID-19 effect on family income or employment, n (%)

COVID-19 effect on social support, n (%)

COVID-19 effect on medical health care access, n (%)

COVID-19 effect on mental health treatment access, n (%)

a

For descriptive purposes only, we dichotomized responses to the CRBS items and categorized participants who responded strongly agree or agree to
any of the 9 items as having COVID-19–related racial bias beliefs and those who did not as not having the perceptions.
b

CRBS: Coronavirus Racial Bias Scale.

c

N/A: not applicable.

d

Ethnic Chinese includes mainland Chinese, Hongkonger, Taiwanese, and Huaren individuals.

e

LEP: limited English proficiency. Categorized as limited (yes) if speaking, reading or writing English were indicated as some, a little, or not at all.

f

SIP: shelter-in-place.
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COVID-19 Racial Bias Beliefs
Figure 1 shows the proportions of agreement or disagreement
by CRBS item, which ranged from 10% of those who responded

Park et al
agree or strongly agree to the item “Due to COVID-19, I have
been cyberbullied because of my race/ethnicity” to 58% of those
who said they agree or strongly agree to the item “I believe the
country has become more dangerous for my ethnic group.”

Figure 1. Participants’ beliefs of racial bias against Asian American, Native Hawaiian, and Pacific Islander individuals because of the COVID-19
pandemic, by proportion.

Correlates of Racial Bias Beliefs Against Asian
Americans, Native Hawaiians, and Pacific Islanders
Multimedia Appendix 1 shows the unadjusted and adjusted
associations between each correlate and the mean CRBS score.
In the fully adjusted models, the associations remained
significant for all variables in the model, except for some
sociodemographic variables (marital status, employment status,
and education) and perceived severity of COVID-19.
Many sociodemographic characteristics were independent
correlates of the CRBS scores. In the fully adjusted model,
compared with Asian Indians, ethnic Chinese (β=.79, 95% CI
0.69-0.89), Filipinos (β=.63, 95% CI 0.48-0.78), Hmong (β=.86,
95% CI 0.66-1.06), Japanese (β=.66, 95% CI 0.51-0.81), Korean
(β=.15, 95% CI 0.04-0.26), Vietnamese (β=.37, 95% CI
0.26-0.49), and participants who identified as other/more than
one cultural group (β=.71, 95% CI 0.57-0.85) had significantly
higher mean CRBS scores. The mean difference in the CRBS
score was not significantly different for Native Hawaiian and
Pacific Islander individuals compared with Asian Indians.
Compared with participants who were aged ≥60 years, those
who were aged <30 years (β=.34, 95% CI 0.2-0.45), 30 to 39
years (β=.23, 95% CI 0.14-0.32), 40 to 49 years (β=.17, 95%
CI 0.09-0.26), and 50 to 59 years (β=.10, 95% CI 0.02-018)
had significantly higher mean CRBS scores. Women had higher
mean CRBS scores than men (β=.05, 95% CI 0.01-0.10), and
nonheterosexual individuals had higher mean CRBS scores than
heterosexual individuals (β=.23, 95% CI 0.11-0.34). US-born
participants had significantly higher mean CRBS scores than
those who were foreign born (β=.19, 95% CI 0.13-0.25; β=.19,
95% CI 0.13-0.25), and those with LEP had higher mean CRBS
scores than those with no LEP (β=.23, 95% CI 0.16-0.30). There
were significant differences by region, with participants from
the Midwestern (β=.21, 95% CI 0.12-0.31), Northeastern (β=.25,
95% CI 0.18-0.33), and Southern (β=.11, 95% CI 0.04-0.18)
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regions having significantly higher mean CRBS scores than the
Western region. Compared with those who completed the survey
in October 2020, those who completed the survey after that had
significantly lower CRBS scores.
Most of the COVID-19–specific experiences were associated
with the mean CRBS score, except for COVID-19 positivity
(not significant in the unadjusted model and therefore not
included in the full model) and perceived severity of COVID-19
where participants resided (became nonsignificant in the
adjusted model). In the fully adjusted model, compared with
participants without an SIP order, individuals who lived in
places with <1 month (β=.09, 95% CI –0.04 to 0.22), 1 to <2
months (β=.24, 95% CI 0.13-0.35), 2 to <3 months (β=.27, 95%
CI 0.16-0.38), and >3 months (β=.23, 95% CI 0.14-0.33) of SIP
order had significantly higher mean CRBS scores. Higher mean
CRBS scores were also observed for those who reported mild
to severe changes in their family income, employment, medical
health care access, mental health treatment access, and social
support related to COVID-19 than for those who reported no
change.

Discussion
Principal Findings
COMPASS was among the first nationwide surveys conducted
in English and multiple other languages with >5000 Asian
American and Native Hawaiian and Pacific Islander individuals
and examined racial bias beliefs specifically related to the
COVID-19 pandemic. Our findings revealed that 73.97%
(3749/5068) of the survey respondents perceived racial bias
within the past 6 months because of being Asian American,
Native Hawaiian, and Pacific Islander during the COVID-19
pandemic. The unique contribution of this study is the
documentation of disaggregated data of Asian groups in racial
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bias experiences reported during a 5-month period from October
2020 to February 2021, approximately 7-11 months after the
start of the COVID-19 pandemic in the United States.
Importantly, this study also identified multilevel factors
associated with racial bias beliefs. These findings allow a
comprehensive understanding of the sociodemographic contexts
of being Asian American or Native Hawaiian and Pacific
Islander and relevant COVID-19–related experiences that may
have made Asian American and Native Hawaiian and Pacific
Islander individuals vulnerable to perceived negative social
attitudes, as exacerbated by the COVID-19 pandemic.
During the COVID-19 pandemic, our nationwide sample of
Asian American and Native Hawaiian and Pacific Islander
respondents shared that racial bias occurred in various forms.
Among the most shared beliefs were perceiving that the United
States had become more dangerous for individuals who
identified with their ethnic group and observing negative social
media posts against people of one’s own ethnic group, which
was reported by more than half of the respondents. Other racial
bias experiences spanned across employment, perceived stigma
of having COVID-19, exposure to social and mass media
platforms, and observed or directly experienced cyberbullying.
Consistent with the noticeable increase of anti-Asian hate
incidents [6] and anxiety associated with being Asian American,
particularly among individuals of Chinese or East Asian descent
[3], these findings highlight the disproportionate burdens
experienced by Asian American individuals during the
pandemic, and such beliefs were shared across social contexts,
physical environment, and cyberspace. When racial bias is
perceived across multiple everyday contexts, such cumulative
stressors and induced fears may have long-term psychological
and physiological consequences [12,28,29], which warrants
further studies on the long-term health and mental health
consequences of COVID-19–related racial bias.
Our results showed that racial bias beliefs were particularly
pronounced among some Asian American and Native Hawaiian
and Pacific Islander groups and among those who were younger,
a sexual minority, had higher income, were United States born,
and were English proficient. Racial bias was perceived by many
Asian American groups during the pandemic, ranging from
44.3% (132/298) among Asian Indian individuals to 94.5%
(104/110) among Hmong. High levels of racial bias beliefs were
also reported by ethnic Chinese, Filipino, and Japanese (>80%)
individuals and those of multiple Asian descents (>90%).
Although Asian Indians and Native Hawaiian and Pacific
Islander individuals reported less racial bias beliefs compared
with all other groups, perceiving racial bias was still reported
by a large portion of individuals from these cultural groups:
44.3% (132/298) and 46.3% (63/136) for Asian Indian and
Native Hawaiian and Pacific Islander individuals, respectively.
These findings are consistent with the hate incidents reported
by Asian American and Native Hawaiian and Pacific Islander
individuals during the pandemic [3]. Although the observed
cultural group differences persisted even after adjusting for
other sociodemographic correlates, it should be noted that all
Asian Indian participants and most Native Hawaiian and Pacific
Islander participants completed the survey in English. Thus,
these findings may not be generalizable to Asian Indian and
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Native Hawaiian and Pacific Islander participants with LEP.
Nonetheless, a recent survey of Asian American, Native
Hawaiian, and Pacific Islander women revealed similar levels
of racism or discrimination incidents or harassment experienced
across East Asian, Southeast Asian, South Asian, and Native
Hawaiian and Pacific Islander individuals at a similarly high
level (72% among East Asian individuals, to 80% among Native
Hawaiian and Pacific Islander individuals) during the pandemic
[8]. These findings underscore the urgency of addressing racial
bias beliefs, discrimination, or related experiences among Asian
American, Native Hawaiian, and Pacific Islander, particularly
exacerbated during the pandemic.
Among those traditionally marginalized, Asian American or
Native Hawaiian and Pacific Islander individuals who were
nonheterosexual overwhelmingly (214/228, 93.8%) reported
having racial bias beliefs during the pandemic. Those who had
higher incomes, who were English proficient, and those who
were United States born reported more racial bias beliefs. The
reasons for this were unclear from the study data; a speculation
could be related to increased access to and awareness of racial
bias reports via media platforms in English [2,30-32]. Other
studies have similarly shown that younger Asian American
individuals and those with higher education perceived greater
racism during the pandemic than older Asian American
individuals and those with less education, respectively [5].
Finally, Asian American and Native Hawaiian and Pacific
Islander respondents from all regions experienced more racial
bias than those in the West, which had the highest population
density of Asian American and Native Hawaiian and Pacific
Islander individuals. This is in contrast to other data indicating
that Asian American individuals on the west coast have reported
high rates of discrimination [33]. However, locations such as
New York reported an 833% change in anti-Asian crimes from
2019 to 2020 [34].
Although COVID-19 positivity and perceived severity of
COVID-19 where respondents live were not relevant factors in
racial bias beliefs with other factors adjusted, experiences of
COVID-19–specific impacts were associated with
COVID-19–related racial bias beliefs. In particular, respondents
who had SIP orders for ≥1 month reported higher racial bias
beliefs. COVID-19–specific sequelae with negative impacts on
family income or employment, family and social support access,
medical health care, and mental health care access were found
to have contributed to Asian American and Native Hawaiian
and Pacific Islander individuals’ experiences and perceptions
of racial bias. Income, social support, and health care access
are all social determinants of health [35]. These findings also
suggest a pathway through which COVID-19 affects higher
racial bias beliefs and, thereby, health consequences. In addition,
these findings revealed that the experience of
COVID-19–specific impacts across each area was uniquely
associated with and additive in contributing to
COVID-19–related racial bias beliefs. These observed
associations reflected the differential impacts of
COVID-19–specific sequelae that have significant policy
implications. Our findings may also reflect a consequence of
pre-existing systemic and structural racism that was further

J Med Internet Res 2022 | vol. 24 | iss. 8 | e38443 | p.876
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
exacerbated differentially at multiple levels during the pandemic
[36-38].
Although the findings suggested COVID-19–related racial bias
beliefs appeared to reduce after October 2020 over the 5-month
data collection period of COMPASS, the list of
sociodemographic correlates and COVID-19–specific
experiences remain significant contributors to racial bias beliefs
with the time of data collection adjusted. The findings from this
study further underscore the importance of addressing these
needs in our respective communities in a timely manner, with
attention to cultural contexts and language needs. Moreover,
58% of Asian American individuals said that from March 2020
to March 2021, reports about discrimination and violence against
Asian American individuals affected their own mental health
[39], although the sequelae have not been well studied, which
is a significant concern, given that Asian American individuals
underuse mental health care [40,41]. Moving forward, racially
motivated hate requires interventions at the structural (eg, hate
crime laws, public awareness campaigns, and public health
surveillance), interpersonal (eg, hate crime–specific training
such as a semester-long college course and intergroup contact
programs such as contact and skill-based prejudice reduction
programs), and individual levels (eg, self-reflection exercises)
[42]. This multilevel intervention was proposed by Cramer et
al [42], given the rise of racially motivated hate against several
populations, including Asian American individuals, and is based
on a socioecological summary of hate-motivated behavior
impacts and causes, risk factors for commission, and potential
solutions. Cramer et al [42] offered the proposed solutions found
in the literature.

Strengths and Limitations
COMPASS is one of the few nationwide surveys focused on
the impact of COVID-19 on Asian American and Native
Hawaiian and Pacific Islander populations and conducted in
multiple Asian languages, which included a large, diverse
sample of participants from multiple cultural groups. Data
disaggregation is crucial in studies with Asian American and
Native Hawaiian and Pacific Islander individuals and yet is
rarely performed [43]. The survey was made accessible by
smartphones, tablets, or computers, as well as by phone (and
in person, if available), with the assistance of a staff member
to remove barriers to participation. The study survey had a major
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focus on inclusion and was available in 5 languages; however,
individuals with LEP may have been excluded by not offering
the survey in other languages that were not supported.
Owing to the cross-sectional nature of this analysis, our study
was limited to reporting experiences at one point in time and
did not allow us to assess changes over time during the
pandemic. It is possible that the participants experienced racial
bias after completing the survey, which would not be reflected
in our results. There may also be variation in participants’
interpretations of racial bias based on acculturation, which was
not assessed as part of the survey. Future research should
consider assessing acculturation and the social desirability bias
scale [44] to account for potential biases. The responses may
have been affected by varying SIP and social distancing policies
across regions and states in this nationwide survey.

Conclusions
Our study revealed that most Asian American and Native
Hawaiian and Pacific Islander individuals reported racial bias
beliefs due to being Asian American and Native Hawaiian and
Pacific Islander during the COVID-19 pandemic. In the context
of the sharp rise in anti-Asian incidents and hate crimes reported
during the pandemic [4,5,9], the findings of this study further
underscore the devastating impact of COVID-19 among Asian
American, Native Hawaiian, and Pacific Islander individuals.
Relevant sociodemographic contexts and pre-existing and
COVID-specific impacts were associated with perceived racial
bias of being Asian American, Native Hawaiian, and Pacific
Islander during the pandemic. Racial biases have significant
impacts on one’s lived experiences, spanning across various
everyday contexts that contribute to disparities in access to or
opportunities for education, work, and health care [11-13].
Identifying, creating, and allocating culturally and linguistically
appropriate resources dedicated to addressing such burdens on
Asian American, Native Hawaiian, and Pacific Islander
communities because of racial bias among other
COVID-19–related sequelae are priorities of urgency. Future
interventions such as those proposed earlier require significant
resources (eg, academic-community partnerships and state-wide
task forces) and funding, as well as comprehensive evaluations
of each antihate intervention [42], all of which are necessary to
combat this serious public health issue of racially motivated
hate.
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Abstract
Background: A computer application called the National Death Information System (SINADEF) was implemented in Peru so
that physicians can prepare death certificates in electronic format and the information is available online. In 2018, only half of
the estimated deaths in Peru were certified using SINADEF. When a death is certified in paper format, the probability being
entered in the mortality database decreases. It is important to know, from the user’s perspective, the factors that can influence
the successful implementation of SINADEF. SINADEF can only be successfully implemented if it is known whether physicians
believe that it is useful and easy to operate.
Objective: The aim of this study was to identify the perceptions of physicians and other factors as predictors of their behavioral
intention to use SINADEF to certify a death.
Methods: This study had an observational, cross-sectional design. A survey was provided to physicians working in Peru, who
used SINADEF to certify a death for a period of 12 months, starting in November 2019. A questionnaire was adapted based on
the Technology Acceptance Model. The questions measured the dimensions of subjective norm, image, job relevance, output
quality, demonstrability of results, perceived usefulness, perceived ease of use, and behavioral intention to use. Chi-square and
logistic regression tests were used in the analysis, and a confidence level of 95% was chosen to support a significant association.
Results: In this study, 272 physicians responded to the survey; 184 (67.6%) were men and the average age was 45.3 (SD 10.1)
years. The age range was 24 to 73 years. In the bivariate analysis, the intention to use SINADEF was found to be associated with
(1) perceived usefulness, expressed as “using SINADEF avoids falsifying a death certificate” (P<.001), “using SINADEF reduces
the risk of errors” (P<.001), and “using SINADEF allows for filling out a certificate in less time” (P<.001); and (2) perceived
ease of use, expressed as “I think SINADEF is easy to use” (P<.001). In the logistic regression, perceived usefulness (odds ratio
[OR] 8.5, 95% CI 2.2-32.3; P=.002), perceived ease of use (OR 10.1, 95% CI 2.4-41.8; P=.001), and training in filling out death
certificates (OR 8.3, 95% CI 1.6-42.8; P=.01) were found to be predictors of the behavioral intention to use SINADEF.
Conclusions: The behavioral intention to use SINADEF was related to the perception that it is an easy-to-use system, the belief
that it improves the performance of physicians in carrying out the task at hand, and with training in filling out death certificates.
(J Med Internet Res 2022;24(8):e34858) doi:10.2196/34858
KEYWORDS
death certificates; health information system; mortality; vital statistics; Technology Acceptance Model; model; acceptance model;
certificates; information system; physicians; predictors; cross-sectional study; analysis; death
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Introduction
Medical death certification is the main source of information
on causes of death in a population [1]. Various studies
worldwide report that there is low coverage of deaths that have
medical certification of death [2,3], and those deaths that have
certification of the causes of death do not have the desired
quality [4,5]. In 2016, the coverage of deaths with medical
certification of the causes of death in Peru was 56% [6] and the
quality, measured as the proportion of codes of causes of death
in the International Classification of Diseases classified as
“garbage code,” was among the highest in the world [7]. In
2017, a computer application called the National Death
Information System (SINADEF) [8] was implemented in Peru,
which is used by physicians to prepare death certificates online.
This system was the result of coordinated work between the
National Institute of Statistics and Informatics, the National
Registry of Identification and Civil Status, and the Ministry of
Health, supported by the Bloomberg “Data for Health” initiative.
Before implementing SINADEF, physicians performed death
certification on paper forms, which were entered into computer
applications installed on computers with local databases, which
were then sent through email messages at the regional and
national levels. In addition to the lack of opportunity for data
availability, this system has many other problems: it does not
verify the identity of the deceased by consulting a database, it
does not identify the hospital where the person died, it does not
unequivocally locate the district where the death occurred, and
often, the cause of death written by the doctor is illegible.
With SINADEF, physicians can certify a death online, verify
the identity of the deceased and the hospital where the death
occurred, consult online databases, and more accurately record
the place of death. Further, the problem of the lack of legibility
of the doctor’s handwriting, which is very important in the
registry of causes of death, disappears. From the perspective of
electronic government, information and communication
technology (ICT) can facilitate the services provided to citizens.
It allows health authorities at all levels of government to monitor
mortality indicators in a timely manner and improve prevention
and control actions, as is happening now with the monitoring
of the COVID-19 pandemic. Likewise, it allows other state
agencies to be more efficient in public policy management
processes. These aspects justify taking the greatest precautions
to guarantee its successful implementation.
A paper [6] that reported the first results of the implementation
of SINADEF showed that in July 2018, only half of the
estimated deaths were certified using that system, and it
identified some gaps and barriers that could limit the
achievement of adequate coverage and quality of the registry
of causes of death. One of them is the modality used by the
doctor to certify a death [6]. When a doctor certifies a death on
paper forms, the data may not enter the system. The paper forms
can remain with the relative of the deceased or in a drawer of
a hospital office, in funeral agencies, in the civil registry, etc.
In July 2018, half of the estimated deaths were not entered in
SINADEF. Some studies about the map of death registration
processes carried out in Peru indicate that deaths registered in
paper format are less likely to enter the mortality database [9],
https://www.jmir.org/2022/8/e34858
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which highlights the importance of identifying factors linked
with physicians, thereby improving the use of SINADEF to
certify a death. Furthermore, SINADEF has played a
fundamental role in documenting the excess mortality that
occurred during the COVID-19 pandemic in Peru. Several
studies [10-12] used SINADEF to warn, from the beginning of
the first wave of transmission of COVID-19 in Peru, a
significant difference in deaths that the physicians who used
SINADEF attributed to COVID-19 and that were not reported
by the system of epidemiological surveillance. In addition, they
coincide in pointing out the importance of the quality of the
data provided by SINADEF and the need to strengthen the entire
death registration process so that it is useful for containing the
health emergency. Recent studies using SINADEF reported that
excess mortality from all causes in 2020 was more than 100,000
deaths and that more realistic figures have been obtained owing
to coordination initiatives between those responsible for
epidemiological surveillance, recording of vital events, and
diagnosis [13]. However, they did not notice that a significant
proportion of deaths, especially those that occur in the
community, are not reported through SINADEF; therefore, it
is important to evaluate the factors that could limit its real use.
Intuitively, it may seem that the information production process
supported by paper format, when replaced by an electronic
registry, as is the case with SINADEF, will immediately produce
obvious improvements such as the reduction of errors due to
data transcription. However, there are also bad experiences in
the implementation of ICT projects in health services, which in
theory were very robust, probably because the user experience
was not considered in the design of the applications [14].
Therefore, it is necessary to know the determinants of the future
use of a technology.
All innovation in health requires the intensive participation of
the people who will be affected by the processes in which it
will intervene. To expand the use of online death certification,
it is important to know what the physicians think about the
system. Some barriers related to the system itself are dependence
on internet connectivity, limited availability of computers and
printers in hospitals, and failures in technical support and
application maintenance. Although the advantages include their
use even from mobile devices, physicians may not be willing
to use them. To understand why users accept or use new
technologies, a predictive evaluation methodology of technology
use known as the Technology Acceptance Model (TAM) has
been proposed, which has been tested and validated in different
contexts and studies [15,16]. The TAM has been used in the
evaluation and implementation of ICT in the health field [17-20].
The TAM is based on user perceptions. If people believe that
an ICT application helps them to do their job better (“perceived
usefulness”) and, at the same time, that it does not require
additional effort (“perceived easy to use”), they will end up
adopting that technology [15].
Rahimi et al [21] conducted a systematic review of 134 studies
published between 1999 and 2017 that used TAM to evaluate
ICT applications in the health field after their initial introduction.
The areas of ICT studied were general information technologies,
health information systems, electronic health records or
electronic medical records, electronic prescription systems
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(e-prescription), pocket computers, telemedicine, mobile health,
and personal health records. An online system for medical
certification of death can be considered an electronic medical
record component, but in this review, no study specifically
evaluated an information system like SINADEF. The studies
evaluated are widely distributed throughout the world, but they
are scarce in Latin America, and none were reported in Peru.
The main findings were that the application of TAM was quite
heterogeneous. Most studies used extensions of the original
TAM, which suggests that there is no optimal version of TAM
to use in the field of health. Holden and Karsh [16] also carried
out a review of TAM and highlight the importance of developing
“the left part of the model,” that is, the determinants with
specific, contextualized, and actionable constructs.
In Peru, we have not identified previous research that describes
the use of TAM to evaluate ICT in health; only 1 study evaluated
the intended use of mobile banking services [22]. Our study
aims to identify the perceptions of physicians about the
usefulness and ease of use of SINADEF and other factors such
as predictors of the behavioral intention to use SINADEF,
contextualizing the predictor variables with specific propositions
about the use of SINADEF to certify deaths.

Methods
Design
An observational, cross-sectional study was carried out that
consisted of the application of a survey directed to physicians
who used the national computer system of deaths (SINADEF)
to produce a death certificate. The study population was made
up of physicians with a professional practice in Peru and who,
as of 2017, had the chance to carry out, at least once, the death
certification process online through SINADEF.

Recruitment
Between November 24, 2019, and November 18, 2020, an
electronic form was sent to 26,185 physicians who were
registered as SINADEF users until December 31, 2017. Of
them, 505 physicians opened the electronic form and 424 agreed
to participate in the study; 111 physicians were excluded because
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they reported that they had no experience in the use of
SINADEF, and 41 physicians were excluded because they had
contradictory answers about their degree of agreement with the
use of SINADEF to certify a death. Therefore, the sample
consisted of 272 physicians.

TAM
Questionnaire
The questions in the questionnaire were based on TAM. TAM
proposes that the behaviors of individuals depend on their beliefs
and subjective norms and that the use of a new technology
depends on 2 variables in particular: the perceived ease of use
of the technology and the perceived usefulness. In turn, these
2 variables will directly influence the attitude of the individual
toward the actual use of technology [15]. In a simpler way, if
an individual has the belief that a technology is easy to use and
at the same time, it is useful for the work that it has to fulfill,
he or she will have a favorable attitude to use the technology
effectively. In this study, the TAM2 model proposed by
Venkatesh and Davis [23] was used, which incorporates the
following variables: subjective norm, image, job relevance,
output quality, and results demonstrability. The measurement
scale used was based on the original proposals of Venkatesh
and Davis [23] for the evaluation of information technology in
general but adapted to the context of its use in the medical
certification of deaths in Peru, following the recommendations
of Holden and Karsh [16] on adapting the model specifically
to the health context by using belief induction methods. In the
propositions of beliefs, reference is made to the regulatory
provisions of the Ministry of Health in Peru or the comparison
of the use of SINADEF with the traditional way of using paper
forms. The following operational definitions were used for each
of the explanatory variables proposed in the model used
(Textbox 1).
In addition, variables external to the model are included that
can be explanatory or that intervene in the attitude or behavior
of intention to use the technology of physicians, such as age,
sex, medical specialty, workplace, time spent in service, and
training in the filling of death certificates.
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Textbox 1. Operational definitions of the Technology Acceptance Model used.
Subjective norm: Subjective perception of the individual on social pressures, which includes the perception of the beliefs of relevant people, for the
adoption of the behavior of use of the National Death Information System (SINADEF), through their opinion of agreement or disagreement on a Likert
scale of the following propositions:
•

“I have to use SINADEF to certify deaths because it’s already established that way.”

•

“The authorities of my hospital and the Ministry of Health could sanction me if I do not use SINADEF to certify deaths.”

•

“I have to use SINADEF because everyone already uses it to certify deaths.”

Image: Refers to the user’s self-perception, visual, or mental representation produced by the use of SINADEF. It was measured by their opinion of
agreement or disagreement on a Likert scale of the following propositions:
•

“I feel comfortable with information and communication technologies.”

•

“I consider myself a person open to change.”

•

“I have good adaptability.”

Job relevance: Refers to the perceived attribution of the user that SINADEF is important for the performance of work tasks. It was measured by their
opinion of agreement or disagreement on a Likert scale of the following propositions:
•

“When SINADEF is implemented, the causes of death of the population will be known in a timelier manner.”

•

“The use of SINADEF will help the directors or managers of health organizations make decisions.”

•

“If SINADEF is consolidated, it will be possible to quickly consult the data of the deceased.”

Output quality: Refers to the real or perceived attribution of the SINADEF user of the quality of the report provided by the technology. It was
measured by their opinion of agreement or disagreement on a Likert scale of the following proposition:
•

“The SINADEF death certificate is of higher quality than the paper format.”

Perceived usefulness: Refers to an individual’s perception that the use of SINADEF will improve job performance. It was measured by their opinion
of agreement or disagreement on a Likert scale of the following propositions:
•

“Using SINADEF avoids falsifying a death certificate.”

•

“Using SINADEF reduces the risk of errors in death certificates.”

•

“Using SINADEF allows me to produce a death certificate in less time than doing it in paper format.”

Perceived ease of use: Refers to an individual’s perception that using SINADEF does not require effort, through their opinion of agreement or
disagreement on a Likert scale of the following propositions:
•

“I think SINADEF is easy to use.”

•

“It’s easy to get a password to use SINADEF.”

•

“It’s easy to recover the SINADEF password when you forget it or it’s blocked.”

•

“It’s easy to get technical support from SINADEF when you need it.”

Behavioral intention to use: Refers to the motivation or willingness of an individual to make the effort to use SINADEF to certify a death, through
their opinion of agreement or disagreement on a Likert scale of the following proposition:
•

“When I need to certify a death, I will use the SINADEF.”

•

“In any circumstance, if I need to certify a death, I will not use SINADEF.”

Results demonstrability: Thinking that SINADEF allows you to demonstrate the results, through their opinion of agreement or disagreement on a
Likert scale of the following proposition:
•

“I can easily communicate the results of my experience using SINADEF.”

•

“For me, the results of using SINADEF will be visible.”

Instrument Validation
The content of the proposed instrument was validated through
an expert judgment process [24]. Six expert researchers were
selected—2 of them experts in measurement and evaluation.
The index of agreement of the judges on the propositions of the
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TAM variables was 84.9%, with a κ index of 0.7304. All
elements with a κ index less than 0.6 were removed and
replaced. Items with a κ index of 0.6571 were reviewed and
their formulation was paraphrased or modified based on the
judges’ recommendations. The reliability of the 20-item
measurement scale for the 8 variables that were included in the
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study was evaluated with the Cronbach α coefficient. The value
obtained for the Cronbach α coefficient was .874.

Statistical Analysis
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Ethics Approval
The research protocol and the informed consent signed by the
participants were approved by the Research Ethics Committee
of the San Marcos University School of Medicine (#19-0027).

Overview
The data collected through the electronic forms were analyzed
using the SPSS statistics package (IBM Corp). A description
of the variables was made, presenting arithmetic means and
standard deviations of the quantitative variables, such as age
and years of medical work, and frequency tables of qualitative
variables such as sex, workplace, and medical specialty. A
bivariate analysis was performed between the independent
variables such as perceived usefulness or perceived ease of use
and the dependent variable behavioral intention to use.
Subsequently, a multivariate analysis was performed using
binary logistic regression with the Wald successive steps method
with a likelihood ratio, evaluating models that included both
descriptive and explanatory variables as independent variables,
with the dependent variable behavioral intention to use. To carry
out the bivariate analysis and binary logistic regression analysis,
the responses to the propositions of each of the variables on a
Likert scale were transformed into 2 alternatives: “agree” and
“disagree.” In the initial model, all the variables of TAM that
were found associated with the behavioral intention to use in
the bivariate analysis were considered as independent or
predictive variables. Additionally, the variables sex, age, main
work center, and training in filling out death certificates were
entered into the model. Following the TAM2 model, the
variables subjective norm, image, job relevance, output quality,
demonstrability of results, and perceived ease of use were
crossed with perceived usefulness. In the successive steps, the
variables with a Wald value less than 1 and with statistical
significance less than .05 were eliminated.

Power
In the bivariate analysis, the chi-square test was used to establish
the existence of an association between the variables, choosing
a confidence level of 95%, a level of statistical significance of
(α) equal to or less than .05, and a power of 80% (1-β) equal
to or less than .20. To identify the variables associated with
behavioral intention to use in the multivariate analysis, the
logistic regression with Wald method (backward) of successive
steps with the likelihood ratio was used. A confidence level of
95% and a significance level (α) equal to or less than .05 were
chosen.
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Results
Sample
In this study, 272 physicians, who were SINADEF users since
2017, were studied. Most (184/272, 67.6%) were male. The
average age was 45.3 (SD 10.1) years. The minimum age was
24 years and the maximum age was 73 years. Most of the
respondents (100/272, 36.8%) were in the age group of 40 to
49 years. Only among young physicians between the ages of
24 and 30 years did women predominate (10/17, 58.8%), while
in the rest of the age groups, there was a predominance of male
physicians.

Description of the Population Studied
The most frequent participants in this study were general
practitioners (70/272, 25.7%), pediatricians or neonatologists
(30/272,
11%),
internists
(25/272,
9.2%),
and
obstetrician-gynecologists (15/272, 5.5%). Forensic physicians
constituted 4.4% (12/272) of the participants. The study included
graduates of all universities that have a faculty of medicine in
Peru. Approximately 5.1% (14/272) of the participants studied
abroad. Most of the study participants worked in hospitals as
their main workplace, followed by those who worked in private
clinics and health centers. Most of the participants (221/272,
81.3%) had worked for 10 or more years. Approximately 71%
(193/272) stated that they had received some type of training
in filling death certificates and among these, the majority did
so through conferences given at the same hospital, through
health services networks, or through a combination of training
modalities (see Table 1).
Figure 1 shows the perceptions classified by their level of
agreement among the respondents, and those with the highest
agreement were perceived as people open to change, who
considered the usefulness of the system to quickly consult
information about the deceased, and the ability to adapt to
innovative methods. Those who had less agreement
corresponded to the ease of obtaining passwords or technical
support and the possible sanctions that their nonuse would cause.
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Table 1. Description of the main characteristics of the studied population (N=272).
Characteristics

Values, n (%)

Sex
Male

184 (67.6)

Female

88 (32.4)

Age group (years)
24-30

17 (6.3)

30-39

60 (22.1)

40-49

100 (36.8)

50-59

70 (25.7)

>59

25 (9.2)

Main workplace
Hospital

190 (69.9)

Health center/post

32 (11.8)

Private clinic/physician’s office

29 (1.7)

Medical-legal division

16 (5.9)

Other

5 (1.8)

Years of medical work
Less than 10

51 (18.8)

10-19

99 (36.4)

20-29

83 (3.5)

More than 29

39 (14.3)

Training in filling death certificate
Yes

193 (71)

No

79 (29)

Training modality (n=193)
A conference at the health center or through a health services network

58 (3.1)

During undergraduate studies

28 (14.5)

During postgraduate studies

20 (1.4)

A virtual course

14 (7.3)

Combined (more than one of the above)

73 (37.8)
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Figure 1. Level of agreement (%) in the physicians' perceptions about the use of the National Death Information System. MINSA: Ministry of Health;
SINADEF: National Death Information System.

Bivariate Analysis
Physicians’ perceptions that were found to be associated with
behavioral intention to use (P<.05) were perceived usefulness
as shown by “using SINADEF avoids falsifying a death
certificate,” “using SINADEF reduces the risk of errors,” and
“using SINADEF allows for filling out a certificate in less time,”
and perceived ease of use as shown by “I think SINADEF is
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easy to use,” as well as other perceptions related to image, job
relevance, output quality, and results demonstrability. As a
subjective norm, no proposition was found associated with
behavioral intention to use (see Table 2). There was also no
significant association between age, sex, occupation
characteristics, or training in filling out death certificates with
behavioral intention to use.
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Table 2. Behavioral intention to use according to the perceptions of the respondents.
Behavioral intention to use

Agree (n=256)

Disagree (n=16)

P valuea

Agree, n (%) Disagree, n (%) Agree, n (%) Disagree, n (%)
Perceived usefulness
Using SINADEFb avoids falsifying a death certificate

220 (97.3)

36 (78.3)

6 (2.7)

10 (21.7)

<.001

Using SINADEF reduces the risk of errors in death certificates

221 (97.8)

35 (76.1)

5 (2.2)

11 (23.9)

<.001

Using SINADEF allows me to produce a death certificate in less
time than doing it in paper format

207 (97.6)

49 (81.7)

5 (2.4)

11 (18.3)

<.001

I think SINADEF is easy to use.

236 (97.1)

20 (68.9)

7 (2.9)

9 (31)

<.001

It’s easy to get a password to use SINADEF.

148 (96.1)

108 (91.5)

6 (3.9)

10 (8.5)

.11

It’s easy to get technical support from SINADEF when you need it 93 (95.9)

163 (93.1)

4 (4.1)

12 (6.9)

.36

It’s easy to recover the SINADEF password when you forget it or
it’s blocked

127 (92.7)

6 (4.4)

10 (7.3)

.25

I have to use SINADEF to certify deaths because it’s already estab- 208 (94.5)
lished that way

48 (92.3)

12 (5.5)

4 (7.7)

.54

The authorities of my hospital and the Ministry of Health could
sanction me if I do not use SINADEF to certify deaths

175 (94.6)

6 (6.9)

10 (5.4)

.63

61 (89.7)

9 (4.4)

7 (10.3)

.07

I feel comfortable with information and communication technologies 233 (95.5)

23 (82.1)

11 (4.5)

5 (17.9)

.004

I consider myself a person open to change

254 (94.8)

2 (50)

14 (5.2)

2 (50)

.02c

I have good adaptability

245 (94.6)

11 (84.6)

14 (5.4)

2 (15.4)

.14

When SINADEF is implemented, the causes of death of the popula- 237 (95.9)
tion will be known in a timelier manner

19 (76)

10 (4.1)

6 (24)

<.001

The use of SINADEF will help the directors or managers of health
organizations make decisions

203 (96.7)

53 (85.5)

7 (3.3)

9 (14.5)

.001

If SINADEF is consolidated, it will be possible to quickly consult
the data of the deceased

250 (96.2)

6 (50)

10 (3.8)

6 (50)

<.001

224 (87.5)

7 (43.8)

32 (12.5)

9 (56.3)

<.001

I can easily communicate the results of my experience using
SINADEF

224 (87.5)

7 (43.8)

32 (12.5)

9 (56.3)

<.001

For me, the results of using SINADEF will be visible

217 (84.8)

7 (43.8)

39 (15.2)

9 (56.3)

<.001

Perceived ease of use

129 (95.6)

Subjective norm

81 (93.1)

I have to use SINADEF because everyone already uses it to certify 195 (95.6)
deaths
Image

Job relevance

Output quality
The SINADEF death certificate is of higher quality than the paper
format
Results demonstrability

a

Chi-square test was performed.

b

SINADEF: National Death Information System.

c

Fisher exact test was performed.

Multivariate Analysis
Three models were tested that had perceived usefulness as a
dependent variable, corresponding to the 3 perceptions that
evaluated perceived usefulness: (1) SINADEF avoids death
certificate forgery, (2) SINADEF reduces the possibility of
errors, and (3) SINADEF is faster than filling out paper forms.
https://www.jmir.org/2022/8/e34858
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We use as perceived usefulness predictors the perceptions of
the variables proposed in the TAM2 model: subjective norm,
image, job relevance, output quality, and results demonstrability.
The first model reached an overall percentage of correctly
classified cases of 84.2% and found subjective norm, image,
job relevance, and results demonstrability as predictors
significantly associated with perceived usefulness but did not
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find perceived ease of use as a variable significantly related to
perceived usefulness. The second model reached a global
percentage of correctly classified cases of 88.2% and found
perceived ease of use, subjective norm, image, and job relevance
as predictors of perceived usefulness. The third model reached
a global percentage of correctly classified cases of 82.7% and,
in addition to perceived ease of use, only found job relevance
and results demonstrability as perceived usefulness predictors.
The second model was chosen because it showed the highest
percentage of prediction and included 3 of the 5 variables
proposed in the TAM2 model as significant predictors of
perceived usefulness. The second model was based on the
perception that SINADEF reduces the possibility of making
errors when making a death certificate as an indicator of
perceived usefulness. It was found that they were significantly
associated with perceived usefulness: subjective norms such as
the belief that SINADEF should be used because everyone
already uses it to certify deaths (odds ratio [OR] 2.407, 95% CI
1.008-5.75; P=.048); image, the perception of being comfortable
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with ICT (OR 5.363, 95% CI 1.886-15.255; P=.002); job
relevance such as the perception that the use of SINADEF will
help health directors to make decisions (OR 4.49, 95% CI
1.978-10.2; P<.001); and perceived ease of use as the perception
that SINADEF is easy to use (OR 18.95, 95% CI 6.634-54.156;
P<.001). The model reached a predictive ability of 88.2% (see
Table 3).
The final model found the following statistically associated
predictors with behavioral intention to use: perceived usefulness,
measured by the belief that SINADEF reduces the risk of error
in death certificate (OR 8.515, 95% CI 2.242-32.3; P=.002) and
perceived ease of use, due to the belief that SINADEF is easy
to use (OR 10.116, 95% CI 2.443-41.883; P=.001). Also
included in this model was the variable training in the filling of
death certificates, a variable external to the TAM2 model but
which had a very important contribution (OR 8.324, 95% CI
1.615-42.895; P=.01). The final model reached a predictive
ability of 95.6% (see Table 4 and Figure 2).

Table 3. Logistic regression of perceived usefulness predictors.
Predictor

a

β

Odds ratio (95% CI)

P value

Subjective norm: I have to use SINADEFa because everyone already uses it to certify deaths .879

2.407 (1.008-5.75)

.048

Image: I feel comfortable with information and communication technologies

5.363 (1.886-10.2)

.002

Job relevance: The use of SINADEF will help the directors or managers of health organizations 1.045
make better decisions

4.491 (1.978- 5.931)

<.001

Perceived ease of use: I think SINADEF is easy to use

2.942

18.955 (6.634-54.156)

<.001

Constant

–10.153

0.000

<.001

Predictor

β

Odds ratio (95% CI)

P value

Perceived usefulness: Using SINADEFa reduces the risk of errors in death certificates

2.142

8.515 (2.242-32.331)

.002

Perceived ease of use: I think SINADEF is easy to use

2.314

10.116 (2.443-41.883)

.001

External variable: Training in filling death certificate

2.119

8.324 (1.615-42.895)

.01

Constant

–10.313

0.000

<.001

1.502

SINADEF: National Death Information System.

Table 4. Logistic regression of behavioral intention to use predictors.

a

SINADEF: National Death Information System.

Figure 2. Summary of SINADEF behavioral intention to use predictors in the logistic regression models used. OR: odds ratio; SINADEF: National
Death Information System.
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Discussion
Principal Results
Although it may seem that the implementation of an ICT project
will be successful, this is not always the case. Projects can be
successful, considering their management (scope, costs, and
deadlines) from their gestation to their implementation [25].
However, in the case of ICT projects in health, their final
adoption will also depend on the beliefs of health personnel, in
which the real barriers and facilitators for their use can be
identified [16]. SINADEF has contributed to improving the
coverage [6] and the quality of information on causes of death
[5]. However, until the end of 2017, its use rate was only 50%;
therefore, it was pertinent to evaluate the intention of system
use.
Most of the physicians interviewed considered themselves open
to change. They believed that SINADEF would allow them to
quickly consult the data of deceased people or that they could
adopt innovative methods (95% or more). However, more than
half of them did not agree with the idea that if they do not use
the SINADEF, they should be sanctioned (68%) or that it is
easy to obtain technical help when they have problems with the
system (64%). Bivariate analysis revealed that perceived ease
of use, measured by the belief that SINADEF is easy to use,
was significantly associated with behavioral intention to use
(P<.001). Perceived ease of use was measured on 4 propositions:
the system is easy to use, it is easy to get a password, it is easy
to get technical support, and it is easy to recover a password.
Only the belief that the system is easy to use had a degree of
agreement of 89.3%, while the other proposals had an agreement
of less than 60%. Furthermore, in the bivariate analysis, only
the perception that the system is easy to use was associated with
behavioral intention to use; therefore, it was also part of the
final logistic regression model to predict behavioral intention
to use. In turn, perceived usefulness was measured with any of
3 ideas—SINADEF avoids falsifying a death certificate, fewer
errors are made with SINADEF when creating a death
certificate, or a death certificate is produced faster with
SINADEF—and it was found to be associated with behavioral
intention to use (P<.001). In addition, most or all the image,
job relevance, output quality, and results demonstrability
proposals were significantly associated with behavioral intention
to use (P<.05).
In the multivariate analysis, among the 3 propositions that
measured perceived usefulness, the proposition “using
SINADEF reduces the risk of errors in death certificates” had
the highest predictive capacity (88.2%). Subjective norm
measured as “I have to use the SINADEF because everyone
already uses it to certify deaths” (OR 2.4, 95% CI 1.0-5.8;
P=.048), image measured as “I feel comfortable with
technology” (OR 5.4, 95% CI 1.9-10.2; P=.002), job relevance
measured as “the use of SINADEF will help directors or
managers of health organizations to make decisions” (OR 4.5,
95% CI 2.0-5.9; P<.001), and perceived ease of use measured
as “I believe that SINADEF is easy to use” (OR 19, 95% CI
6.6-54.2; P<.001) were significantly associated with perceived
usefulness. In the final model, we found a significant association
https://www.jmir.org/2022/8/e34858
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between perceived usefulness measured as “using SINADEF
reduces the risk of errors in death certificates” (OR 8.5, 95%
CI 2.2-32.3; P=.002), perceived ease of use measured as “I think
that SINADEF is easy to use” (OR 10.1, 95% CI 2.4-41.9;
P=.001), and training to fill out the death certificate (OR 8.3,
95% CI 1.9-42-9; P=.01), with behavioral intention to use. The
correct classification of cases by the final model was 95.6%.

Limitations of This Study
A limitation of this study is the selection of the participating
physicians. The sample was made up of physicians who
responded to an invitation sent to the email registered in
SINADEF, and the response rate was less than 2%. This is
because most physicians did not read the messages because they
have an email account assigned by the institution where they
work, which they usually do not use, or because the message
went to the “spam” folder. Regarding the participants, there is
a probability that they have incurred a social desirability bias.
Despite this, we believe the sample to be representative of
physicians in terms of graduation from universities in the
country, specialties, sex, and age. In addition, the sample size
was adequate for carrying out the proposed statistical models.
Another aspect to consider is that a significant proportion of
the surveys was completed in 2020, the initial year of the
COVID-19 pandemic in Peru, in which SINADEF played an
important role in monitoring mortality in Peru, and it is possible
that this factor, not measured in this study, influenced the
favorable opinion of physicians toward intention to use. It is
also possible that the proposals to be accepted or rejected by
the participants do not represent all the factors that may be
linked to the process of the medical certification of deaths in
Peru. It should also be considered that, as in all observational
studies, it should not be inferred that there is a causal
relationship between perceived usefulness and perceived ease
of use and training with behavioral intention to use but only an
association between them. This study also did not evaluate the
performance or the real and objective effectiveness of the
technology, but only the beliefs of the users about its usefulness
that will motivate its future use and its final adoption.

Comparison With Prior Work
There is a need to institutionalize SINADEF to intensify the
process of improving the coverage and quality of information
on causes of death. The use of paper forms, from the logistics
of their supply to the procedures that ensure their entry into a
database, can be a barrier to improving death certification [6].
This situation was verified during the COVID-19 pandemic by
observing that the use of paper forms to certify a death decreased
the probability that the data would enter the mortality database
[9]. In addition, considering that there are 18 mortality
information subsystems in Peru, most of which use paper forms
and none of which have complete information [26], the
consolidation of SINADEF as the main information system
would reduce the fragmentation of currently existing data.
The usefulness that SINADEF has shown for mortality
surveillance during the COVID-19 pandemic is another aspect
that highlights the importance of contributing to its
institutionalization. During the COVID-19 pandemic, SINADEF
was used in several studies [10-12,27] as an important source
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of information to document excess mortality from all causes in
Peru and was recognized as the most reliable way to measure
the severity and the impact of COVID-19 on the population.
With the support of SINADEF, an excess mortality of 371.9
per 100,000 inhabitants in 2020 was documented in Peru [28],
and in general, all the researchers agreed in highlighting the
importance of strengthening the mortality documentation system
in Peru.
We have not identified studies of the application of TAM to
evaluate acceptability, specifically in mortality information
systems, but there are several publications that have studied the
technological acceptance of health information systems that
include electronic medical records or electronic health records.
As in other studies, we found that perceived usefulness and
perceived ease of use are powerful predictors of the intention
to use SINADEF. These findings are consistent with most of
the previous research synthesized in systematic reviews. Gagnon
et al [29] carried out a systematic review of the factors that
influence the adoption of ICT in health and found that the most
common direct determinants of adoption were usefulness and
ease of use. Later, Rahimi et al [21] reviewed 134 publications
on the use of TAM to find out the perceptions of users of health
information systems as predictors of the use of technology.
Although the reference framework used or the methods for
analyzing the results may differ, most of the studies reviewed
agree in confirming that the perceived usefulness and the
perceived ease of use are important predictors of the intention
to use the technology.
In our study, the direct predictors of behavioral intention to use
were perceived usefulness, perceived ease of use, and training
in filling out death certificates, and the predictors of perceived
usefulness were subjective norm, image, and job relevance.
When reviewing the predictor variables of behavioral intention
to use, in the cases under study, considerable heterogeneity was
observed. Some studies found only 1 primary variable from
TAM, such as perceived usefulness or perceived ease of use,
associated with intention to use [30,31], and other studies
reported subjective norm or job relevance directly related to
behavioral intention to use, without being intermediated by
perceived usefulness [30-32]. There are also studies that describe
predictors of perceived ease of use, such as job relevance,
management support, and training or computational self-efficacy
[33,34], and some others found that age, sex, or clinical specialty
were predictors of both perceived usefulness and perceived ease
of use [31]. This variability supports the idea of contextualizing
the results of each study not only referring to the type of
technology used but also to the organizational culture in which
the technology will work.
In our study, subjective norm (“I use SINADEF because
everyone already uses it”), image (“I feel comfortable with
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technology”), and job relevance (“SINADEF helps managers
to make decisions”) were predictors of perceived usefulness.
This is partially consistent with studies reporting peer influence
[35] or computational self-efficacy as perceived usefulness
predictors [32,34]. Perceived usefulness measured by the idea
that the system helps reduce errors is a performance indicator.
In this regard, a study [36] found that improvements in
performance are related to the intentions of health professionals
to use electronic medical record systems.
In our perceived ease-of-use study, measured in its simplest and
most direct way, “SINADEF is easy to use” was a strong and
significant determinant of physicians’ intention to use SINADEF
and influenced their perceived usefulness. However, the
physicians did not agree with the perceived ease of use
propositions that “it’s easy to obtain a username and password”
or that “it’s easy to obtain technical support,” and indeed, these
were not significantly related to the intention to use. In this
regard, Boonstra and Broekhuis [37] reported that the lack of
technical support to address problems that arise during system
operation is a barrier to the adoption of the electronic medical
record.
Training in filling out death certificates had a significant direct
influence on behavioral intention to use. In this regard, the
implementation of SINADEF was accompanied by a training
process both in the competence to identify the cause of death
and the technical management of the computer application. It
is recognized that training to improve physicians’ knowledge
regarding the proper filling of death certificates will improve
the usability of mortality statistics. This study demonstrated
that this activity is a direct predictor of the use of SINADEF in
Peru [38]. This is consistent with the identification of the lack
of technical knowledge and insufficient skills for the
management of ICTs as a barrier to the adoption of technologies
by becoming a source of resistance that hinders their adoption
[37].

Conclusions
According to our study, it seems that the intention to use
SINADEF is related to the perception that it is an easy-to-use
system, it is widely accepted, it improves the performance of
the physicians who use it, and it helps to manage health services.
Additionally, training in the filling of death certificates plays
an important role in the intention to use the system. It also
informs ICT decision-makers of, for example, opportunities for
improvement to address possible barriers that may limit the
sustainability of the system, such as deficiencies in technical
support and in the timely resolution of emerging problems. This
study provides important knowledge based on the opinion of
physicians on the intention to use SINADEF, which should
effectively contribute to its institutionalization in the country.
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Abstract
Background: HIV and sexually transmitted infections (STIs) are major global public health concerns. Over 1 million curable
STIs occur every day among people aged 15 years to 49 years worldwide. Insufficient testing or screening substantially impedes
the elimination of HIV and STI transmission.
Objective: The aim of our study was to develop an HIV and STI risk prediction tool using machine learning algorithms.
Methods: We used clinic consultations that tested for HIV and STIs at the Melbourne Sexual Health Centre between March 2,
2015, and December 31, 2018, as the development data set (training and testing data set). We also used 2 external validation data
sets, including data from 2019 as external “validation data 1” and data from January 2020 and January 2021 as external “validation
data 2.” We developed 34 machine learning models to assess the risk of acquiring HIV, syphilis, gonorrhea, and chlamydia. We
created an online tool to generate an individual’s risk of HIV or an STI.
Results: The important predictors for HIV and STI risk were gender, age, men who reported having sex with men, number of
casual sexual partners, and condom use. Our machine learning–based risk prediction tool, named MySTIRisk, performed at an
acceptable or excellent level on testing data sets (area under the curve [AUC] for HIV=0.78; AUC for syphilis=0.84; AUC for
gonorrhea=0.78; AUC for chlamydia=0.70) and had stable performance on both external validation data from 2019 (AUC for
HIV=0.79; AUC for syphilis=0.85; AUC for gonorrhea=0.81; AUC for chlamydia=0.69) and data from 2020-2021 (AUC for
HIV=0.71; AUC for syphilis=0.84; AUC for gonorrhea=0.79; AUC for chlamydia=0.69).
Conclusions: Our web-based risk prediction tool could accurately predict the risk of HIV and STIs for clinic attendees using
simple self-reported questions. MySTIRisk could serve as an HIV and STI screening tool on clinic websites or digital health
platforms to encourage individuals at risk of HIV or an STI to be tested or start HIV pre-exposure prophylaxis. The public can
use this tool to assess their risk and then decide if they would attend a clinic for testing. Clinicians or public health workers can
use this tool to identify high-risk individuals for further interventions.
(J Med Internet Res 2022;24(8):e37850) doi:10.2196/37850
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Introduction
HIV and sexually transmitted infections (STIs) are major global
public health concerns [1,2]. The World Health Organization
(WHO) estimated that over 1 million curable STIs occur every
day among people aged 15 years to 49 years worldwide [3]. An
estimated 29,090 people have been infected with HIV in
Australia as of the end of 2020, with an HIV prevalence rate of
0.14% among people over 15 years old [4]. The estimated
undiagnosed HIV infection rate among all people living with
HIV in Australia was about 9% in 2020 [4]. Gonorrhea,
chlamydia, and early syphilis can be asymptomatic. There were
large increases in STIs in Australia between 2013 and 2017.
The notification rates of STIs for chlamydia increased from
302.2/100,000 to 394.9/100,000 in men and from 430.7/100,000
to 441.8/100,000 in women, gonorrhea increased from
91.1/100,000 to 174.2/100,000 in men and from 39.6/100,000
to 61.8/100,000 in women, and syphilis increased from
12.3/100,000 to 31.1/100,000 in men and from 1.4/100,000 to
5.5/100,000 in women [5]. In addition, STIs account for a large
health and economic burden in limited-income countries [6].
In response to the rising rates of STIs, the WHO proposed the
“Global health sector strategy on Sexually Transmitted
Infections, 2016-2021,” which aimed to end STI epidemics as
public health concerns by 2030. This specifically includes a
90% reduction in gonorrhea incidence globally from the 2018
global baseline and achieving a rate of ≤50 congenital syphilis
cases per 100,000 live births in 80% of countries [7]. In 2018,
the United Nations proposed “The 2030 Agenda for Sustainable
Development,” which called for an end to the AIDS epidemic
by 2030 [8]. Key to the effective control of these infections is
accessible health care and, in particular, frequent testing because
treated infections rapidly become noninfectious [2]. Screening
of asymptomatic individuals is important for diagnosis,
treatment, prevention, and control of HIV and STIs [9]. Barriers
to testing include misjudgment of an individual's HIV and STI
risk, limited availability of testing, and high cost of testing [10].
Therefore, developing innovative tools will help individuals
accurately judge their risk of HIV and STIs, hence increasing
screening in high-risk individuals.
An easily accessible and user-friendly tool that accurately
identifies an individual's risk of infection could form part of a
web-based risk prediction program and play a role in risk
prediction and personalized risk management [11]. Providing
the public with risk prediction tools to assist them in estimating
the risk of HIV and STIs may encourage those individuals at
high risk to test more regularly. A previous study showed that
increased risk perceptions were associated with greater STI
health care use (eg, testing) [12]. An HIV and STI risk prediction
tool may increase risk perceptions and motivate individuals to
seek HIV and STI testing or treatment. Another review study
suggested that web-based screening apps can effectively increase
the uptake of health screening in the general population [13].
However, there is no web-based tool we could identify that
https://www.jmir.org/2022/8/e37850
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provides users with an individual’s current quantitative risk of
HIV and STIs (gonorrhea, chlamydia, and syphilis) using
self-reported questions.
A number of mathematical techniques can be used to generate
an individual’s risk of HIV and STIs. Logistic regression has
limitations in predictive analysis that uses complex and big data.
Logistic regression methods require strong assumptions and
cannot easily deal with nonlinear relationships, interactions,
and multicollinearity [14,15]. In contrast, nonlinear machine
learning approaches can address these limitations and have
numerous advantages (eg, capturing nonlinear relationships and
interactions) in predictive analysis using big data [16]. Machine
learning also can identify rare health outcomes with high
accuracy [17]. Ensemble learning is also a machine learning
approach that combines multiple machine learning algorithms
to improve the model's performance [18].
Despite the advantages of machine learning approaches, there
is an absence of individual risk prediction tools for HIV and
STI risk using machine learning models. Existing studies using
machine learning algorithms to predict HIV and STI acquisition
mainly focus on HIV [19-30], and few focus on STIs [19,21,31].
Of these HIV prediction studies, 4 studies focused on high-risk
individuals (such as men who have sex with men [MSM]
[20,21,24,29]), 2 studies used imaging or clinical text data
[22,30], 4 studies used more than 40 predictors [23,26-28], and
2 studies assessed future but not current HIV prediction [19,25].
Of the STI prediction studies, 1 study was conducted with MSM
[21], and the other 2 studies focused on future STI prediction
[19,31]. These studies also found that nonlinear machine
learning models (eg, random forest [RF], gradient boosting
machine [GBM], and neural networks) performed better than
logistic regression in HIV and STI prediction [19,21,24,31].
These published studies highlight a lack of machine learning
models that use simple self-reported questions, predict both the
risk of HIV and STIs, and can be used by both men and women.
Therefore, to address the current lack of studies that predict the
risk of both STIs and HIV, particularly in lower-risk
heterosexual individuals, we aimed to use a stacking ensemble
learning framework and self-reported questions to predict HIV
and 3 common STIs (gonorrhea, chlamydia, and syphilis) in
both men and women and a subsequent web-based HIV and
STI risk prediction tool.

Methods
Study Population
The Melbourne Sexual Health Centre (MSHC) is the largest
public sexual health center in Victoria, Australia and offers free
HIV and STI testing and management [32]. At the MSHC,
individuals' demographic information and sexual practices are
recorded using a computer-assisted self-interview (CASI) at
each visit, at least 3 months apart [33]. We used clinical
consultation data from the electronic health record (EHR) at
MSHC to develop and validate the risk prediction model. We
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chose March 2, 2015, as the commencement date because this
date was when we adopted a new testing platform for gonorrhea
and chlamydia (Aptima Combo, Hologic, Marlborough, MA).
Our study data included men and women aged 18 years and
older who was tested for HIV or an STI at the MSHC between
March 2, 2015, and January 29, 2021. We excluded transgender
people and individuals aged younger than 18 years.
We used data from March 2, 2015, to December 31, 2018, as
the development data set (training and testing data set). The
HIV study data set included training and testing data (88,642
consultations). The syphilis, gonorrhea, and chlamydia study
data sets had 92,291, 97,473, and 115,845 consultations,
respectively.
We used temporal validation as the external validation to
evaluate the transportability and generalizability of our risk
prediction models. The COVID-19 epidemic may potentially
have changed the demographics of those who attend the MSHC
[34]. We performed 2 temporal validations to validate our
models further and reduce the possible bias caused by
COVID-19. The 2 external validation data sets included data
from 2019 as external “validation data 1” and data from January
2020 and January 2021 as external “validation data 2.” For HIV,
the first external validation data set contained 28,875
consultations, and the second external validation data set
contained 18,052 consultations. For syphilis, the first external

validation data set contained 30,302 consultations, and the
second external validation data set contained 19,150
consultations. For gonorrhea, the first external validation data
set contained 36,805 consultations, and the second external
validation data set contained 22,886 consultations. For
chlamydia, the first external validation data set contained 36,393
consultations, and the second external validation data set
contained 22,615 consultations.

Ethical Approval
Ethical approval was granted by the Alfred Hospital Ethics
Committee, Melbourne, Australia (project number: 124/18).
All methods were carried out following relevant guidelines and
regulations of the Alfred Hospital Ethics Committee. As this
was a retrospective study involving minimal risk to the privacy
of the study participants, the need for informed consent was
waived by the Alfred Hospital Ethics Committee. All identifying
details of the study participants were removed before any
computational analysis.

Predictors
The data fields we selected for inclusion as predictors were
informed by literature review, expert opinion, and prior work
[21]. The predictors were self-reported questions from the EHR,
including demographics, sexual practices, STI history, and STI
contact history (summarized in Table 1 and Tables S1-S5 in
Multimedia Appendix 1).

Table 1. Characteristics of clinic consultations in the training and testing data set.
Variables

HIV (n=88,642 consultations)

Syphilis (n=92,291 consul- Gonorrhea (n=97,473 con- Chlamydia (n=115,845
tations)
sultations)
consultations)

Female

26,651 (30.1)

27,134 (29.4)

31,282 (32.1)

38,548 (33.3)

Male

61,991 (69.9)

65,157 (70.6)

66,191 (67.9)

77,297 (66.7)

29.0 (25.0-35.0)

28.0 (24.0-35.0)

28.0 (24.0-34.0)

Gender, n (%)

Age at consultation (years), medi- 29.0 (24.0-35.0)
an (IQR)
Country of birth, n (%)
Australia

39,148 (44.2)

40,990 (44.4)

43,881 (45.0)

51,162 (44.2)

Overseas

46,003 (51.9)

47,670 (51.7)

49,835 (51.1)

60,272 (52.0)

Missing

3491 (3.9)

3631 (3.9)

3757 (3.9)

4411 (3.8)

No

56,175 (63.4)

57,413 (62.2)

54,595 (56.0)

68,584 (59.2)

Yes

25,067 (28.3)

27,150 (29.4)

34,751 (35.7)

38,930 (33.6)

Missing

7383 (8.3)

7728 (8.4)

8127 (8.3)

8331 (7.2)

a

STI symptoms, n (%)

Men who have sex with men, n (%)

a

Not applicable (female)

26,651 (30.1)

27,134 (29.4)

31,282 (32.1)

38,548 (33.3)

No

16,508 (18.6)

17,089 (18.5)

15,245 (15.6)

26,975 (23.3)

Yes

45,483 (51.3)

48,068 (52.1)

50,946 (52.3)

50,322 (43.4)

STI: sexually transmitted infection.

Measurement of Outcomes
HIV infection was defined as a new diagnosis of HIV based on
serology. Syphilis infection was defined as a new diagnosis of
https://www.jmir.org/2022/8/e37850
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early syphilis (primary, secondary, and early latent [<2 years])
using a blood test or nucleic amplification test (NAAT).
Gonorrhea infection was defined as a new diagnosis of
gonorrhea using culture or NAAT at any anatomical site. In the
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clinic, gonorrhea testing initially occurs with NAAT, and culture
is mostly used after a positive NAAT. Chlamydia infection was
defined as a new diagnosis using NAAT at any anatomical site.
Our previous publications report the diagnostic methods in detail
[19,21].

Xu et al

Risk Assessment Model Development
We developed 34 machine learning models to assess the risk
of acquiring HIV, syphilis, gonorrhea, and chlamydia (details
in Figure 1).

Figure 1. Development of machine learning algorithms. The architecture of the gradient boosting machine was adapted from Feng et al [35]. LASSO:
least absolute shrinkage and selection operator.

Base Learner
Logistic regression has been widely used to predict the risk of
incident STIs and HIV [36,37]. GBM uses boosting based on
decision trees by adjusting the parameters to minimize a loss
function and determine the optimal point with the smallest error
[38]. RF comprises an ensemble of decision trees using bootstrap
aggregation and randomization of predictors to achieve a high
degree of predictive accuracy [39]. Naive Bayes (NB) is simple,
has high accuracy and speed in large databases, and has been
widely used for disease classification [40]. Deep learning (DL)
has effectively solved many medical problems and utilizes a
hierarchical level of an artificial neural network to perform the
classification process [41].
We first established 4 regression models, including logistic
regression, ridge regression, least absolute shrinkage and
selection operator (LASSO) regression, and elastic net
regression (ENR). Based on the preliminary results of the 4
regression analyses, we found that ENR was better than the
other 3 regression analyses (details in Multimedia Appendix
1). Considering our previous machine learning study among
MSM [21] and the advantages of NB (eg, high accuracy and
https://www.jmir.org/2022/8/e37850
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speed in large databases), we developed 5 base models,
including the aforementioned ENR, NB, DL (neural networks),
RF, and GBM.

Stacking Ensemble Learning
Stacking ensemble learning is an ensemble learning method
that trains a new model based on the combined predictions of
2 (or more) previous machine learning models. Stacking
ensemble learning often performs better than individual machine
learning techniques [42]. We systematically established 26
ensemble learning models by combining the aforementioned 5
base models to improve the performance of predicting HIV and
STIs. Details are in Multimedia Appendix 1 (summarized in
Table S6).

Machine Learning Training Techniques
Our models used a one-hot encoding scheme for data
classification. We did not impute missing data but created a
binary feature vector indicating missing values. The data were
considered “imbalanced” given that each of the 4 infections was
<10%. Imbalanced data may cause either overfitted or
underperformed predictive results [43]. We used 5 x 10 (5 outer
folds, 10 inner folds) nested cross-validation (CV) for model
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37850 | p.898
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selection and training [21,44]. The outer 5-fold CV was used
to address the selection bias caused by using a single data set.
The inner 10-fold CV was used on the training data set to
perform the hyperparameter tuning of machine learning models.
We used the area under the curve (AUC) to select the best
model. An AUC of 0.7 to 0.8 is considered acceptable, 0.8 to
0.9 is considered excellent, and >0.9 is considered outstanding
[45]. Machine learning models were built using the h2o package
(version 3.32.1.2) in R software (3.6.1 and R studio 1.2.5019).

Estimating the Risk of HIV and STIs
Our machine learning models predicted the probability of HIV
or an STI with a normalized distribution between values 0 and
1. The model-predicted probability was calibrated to the actual
prevalence level of HIV and STIs. We used a logistic function
to provide a fitting curve for each model-predicted probability
and infection prevalence. We regarded the estimated infection
prevalence as the “calibrated risk” of infection and presented it
in the risk report. We used MATLAB R2019a (MathWorks,
Natick, MA) to calibrate the model-predicted probability to the
actual prevalence level. The method is described in detail in our
previous paper [19]. We classified the calibrated risk of HIV
or an STI into 3 risk levels: HIV (low, <0.1%; medium,
0.1%-1.0%; and high, >1.0%), syphilis (low, <0.2%; medium,
0.2%-5.0%; and high, >5.0%), gonorrhea (low, <0.1%; medium,
0.1%-1.0%; and high, ≥1.0%), and chlamydia (low, <2.0%;
medium, 2.0%-15.0%; and high, >15.0%).

Establishment of a HIV and STI Risk Prediction Tool
To investigate the effect of predictors, we used the best base
machine learning model to calculate the variable importance
for HIV, syphilis, gonorrhea, and chlamydia infection. We
identified and selected predictors that accounted for more than
80.0% of the overall model performance for each infection. We
retrained, retested, and revalidated the best performing model
based on these predictors. We compared the AUC, sensitivity,
and specificity to re-evaluate the model performance with the
shortlisted predictors. We also used the AUC to evaluate the
change in performance in the best machine learning model
before and after predictor shortlisting (details in Multimedia
Appendix 1). We formed a new questionnaire by pooling the
important predictors to develop a web-based tool for HIV and
STI risk prediction.
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Results
Characteristics of the Study Data
Our training and testing data included 216 (0.2% of 88,642
consultations) HIV infections, 787 (1.9% of 92,291
consultations) syphilis infections, 7581 (7.8% of 97,473
consultations) gonorrhea infections, and 10,217 (8.8% of
115,845 consultations) chlamydia infections. The proportion
of each of the 4 infection data sets that was men was between
66.7% (77,297/115,845) and 70.6% (65,157/92,291). Further
details are provided in Table 1 and Table S1 in Multimedia
Appendix 1. The characteristics of the external validation data
are shown in Tables S2-S5 in Multimedia Appendix 1.

Selecting the Best ML Model for the HIV and STI Risk
Prediction Tool
Our results demonstrated that the ensemble learning models
performed better than individual machine learning models. Of
all 34 models, our best model (ensemble ENR+GBM+RF)
provided acceptable or excellent performance on testing data
for predicting HIV (AUC=0.78), syphilis (AUC=0.84),
gonorrhea (AUC=0.78), and chlamydia (AUC=0.70; Figures
S1-S3 in Multimedia Appendix 1). Details on the testing data
analysis are provided in Tables S7-S22 in Multimedia Appendix
1. Our external validation results showed very comparable AUCs
(0.69-0.85) to the testing data analysis. Details on the external
validation analysis are provided in Tables S7-S22 in Multimedia
Appendix 1.

Selecting the Most Important Predictors for the HIV
and STI Risk Prediction Tool
The top 10 predictors for each of the 4 infections accounted for
>80.0% of the overall HIV and STI model performance. These
predictors included gender, presence of STI symptoms, MSM,
age, country of birth, having sex with a man in the last 12
months, the number of casual male sexual partners in the last
12 months, condom use with male partners in the last 12 months,
the number of casual female sexual partners in the last 12
months, drug injection in the last 12 months, sex overseas in
the last 12 months, past gonorrhea infection, past nonspecific
urethritis infection, past syphilis infection, contact with a
gonorrhea case, contact with a chlamydia case, and contact with
a syphilis case (Figure 2). We formed the final HIV and STI
risk prediction questionnaire with the top 10 predictors for each
infection.
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Figure 2. Importance of the top 10 predictors in the prediction of HIV or sexually transmission infections (STIs) using a gradient boosting machine,
for detecting (A) HIV, (B) syphilis, (C) gonorrhea, and (D) chlamydia.

Establishment and Evaluation of the HIV and STI Risk
Prediction Tool, MySTIRisk
Based on the selected most important predictors and the best
model (ensemble ENR+GBM+RF), we built a HIV and STI
risk prediction tool, named MySTIRisk. We examined MySTIRisk
and demonstrated its performance on testing to be acceptable
or excellent (AUC for HIV=0.78; AUC for syphilis=0.84; AUC
for gonorrhea=0.78; AUC for chlamydia=0.70), similar to its
original model based on predictors. Our risk prediction tool
obtained stable performance on external validation data from

2019 (AUC for HIV=0.79; AUC for syphilis=0.85; AUC for
gonorrhea=0.81; AUC for chlamydia=0.69). Our risk prediction
tool also achieved stable performance on external validation
data from 2020-2021 (AUC for HIV=0.71; AUC for
syphilis=0.84; AUC for gonorrhea=0.79; AUC for
chlamydia=0.69; Figure 3 and Tables S23-S26 in Multimedia
Appendix 1). Using the selected predictors, our risk prediction
tool showed comparable AUCs to the best machine learning
model using all predictors (Table S27 in Multimedia Appendix
1).

Figure 3. Receiver operating characteristic curve performance of the HIV and sexually transmitted infection (STI) risk prediction tool on (A) testing
data analysis from 2015-2018, (B) external data validation analysis from 2019, and (C) external data validation analysis from 2020-2021. AUC: area
under the curve.

To estimate the risk of HIV or an STI, we fitted the data using
a logistic function to provide a fitting curve for each
model-predicted probability and infection prevalence (Figures
S4-S7 in Multimedia Appendix 1). Then, a prototype version
of the tool was created with R Shiny [46,47] to allow for
individual input and HIV and STI risk computation. A prototype
version of the tool is available online [48]. The graphical user
https://www.jmir.org/2022/8/e37850
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interface elements of the tool are summarized in Figure 4. The
web application collects individual characteristics, processes
the collected characteristics, loads the trained machine learning
models, calculates a quantitative HIV and STI risk, and displays
the results of the risk and recommendations. The web
application’s input was designed using previous successful
websites or internal CASI questionnaires (60,000 entries a year)
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37850 | p.900
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that operate at MSHC and used individual characteristic data,
including demographics, sexual practices, STI history, and STI
contact history. The web application's output includes HIV and
STI risk prediction results and recommendations that were
developed in consultation with Professor Jon Emery at the

Xu et al
University of Melbourne, who is an expert in the communication
of risk (see the Acknowledgments section). We acknowledge
that this is a prototype and that further development will take
place in optimizing this output for accurate risk communication.

Figure 4. Graphical user interface elements of the HIV and sexually transmitted infection (STI) risk prediction tool, called MySTIRisk. A prototype
version of the tool is available at [48]. Machine learning algorithms are used to predict a person’s risk of chlamydia, gonorrhea, syphilis, and HIV.

These are examples of the HIV and STI risk prediction results:
Your HIV risk is about 2/1000. In a group of 1000
people like me, 2 will have HIV. 998 people will not
have HIV.
Your syphilis risk is about 10/1000. In a group of
1000 people like me, 10 will have syphilis. 990 people
will not have syphilis.
Your gonorrhea risk is about 30/1000. In a group of
1000 people like me, 30 will have gonorrhea. 970
people will not have gonorrhea.
Your chlamydia risk is about 50/1000. In a group of
1000 people like me, 50 will have chlamydia. 950
people will not have chlamydia.
The following examples describe testing recommendations:
•
•

Benefits of testing: Prevent all complications and prevent
unknowingly transmitting infection to others.
Consequences of not testing: Complications from infections
such as infertility (untreated chlamydia), chronic pain
(untreated chlamydia), hearing loss (untreated syphilis),
and cancer (untreated HIV).
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Discussion
Principal Findings
This is the first web-based risk prediction tool based on machine
learning algorithms and self-reported data to accurately identify
HIV and syphilis, gonorrhea, and chlamydia infection in men
and women and was stable on external validation. Our findings
showed that machine learning algorithms could predict HIV
and STIs in clinic attendees. Our results also showed that
stacking ensemble learning algorithms perform better than
individual machine learning models to predict HIV and STIs.
We then developed a web-based application to provide an
immediate and individualized assessment for the risk of a
positive diagnosis of HIV and 3 STIs. Our application could be
a part of clinic websites or digital health platforms to identify
individuals with a higher risk of HIV and STIs or potential
candidates for HIV pre-exposure prophylaxis (PrEP). Further
validation studies in other countries can assess the usefulness
of this risk prediction tool, which helps reduce HIV and STI
incidence and the cost of HIV and STI screening, which requires
expensive equipment and specialized expertise.
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37850 | p.901
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Comparison With Prior Work
Our results showed that nonlinear machine learning algorithms
provided better performance than the conventional logistic
regression for predicting HIV and STIs in men and women. Our
findings are consistent with the results of previous machine
learning predictive models for HIV and STIs [19,21,24,31].
Bao et al [21] showed that a GBM model performed better than
logistic regression in MSM. Our study suggests that nonlinear
machine learning models (eg, GBM, RF) could provide better
performance than conventional logistic regression even without
ensemble learning.
Our results showed that the stacking ensemble machine learning
techniques outperform individual machine learning models. We
systematically developed and tested 34 machine learning models
and found that stacking ensemble learning technology
outperformed individual machine learning models [18]. Previous
studies have used ensemble learning models to predict an
individual's HIV risk [19,25]; however, no study has looked at
the risk of gonorrhea, chlamydia, or syphilis using ensemble
learning models. The only study we could identify was one that
had predicted the risk of a repeat STI with ensemble learning.
Elder et al [31] showed that an ensemble of models could
perform better for 2 or more repeat STIs within 730 days of
follow-up than the individual classifiers (AUC=0.76). Our
results found that stacking ensemble techniques could also be
applied to enhance the performance of HIV prediction. The
AUC of our ensemble HIV model (AUC=0.78, 95% CI
0.74-0.83) was higher than that in a similar study in Kenya and
Uganda for HIV risk prediction (AUC=0.73, 95% CI 0.71-0.76)
[25]. We also found that the combinations of more individual
machine learning models do not necessarily lead to a better
stacking ensemble model. For example, in our study, the
stacking ensemble learning of 4 models for syphilis was not
higher than a stacking ensemble learning of 3 models. We also
found that a better performing stacking ensemble model always
included GBM. The findings of our stacking ensemble learning
strategies may have implications for future stacking ensemble
learning frameworks.
Our models have several strengths compared with previous
machine learning models for predicting HIV and STIs. First,
our predictive models were not limited to high-risk groups (such
as MSM). HIV and STI risk prediction models have been
published previously but mainly for high-risk individuals, such
as MSM [20,21,24,29]. Our models could predict HIV and STI
acquisition in both men and women, including homosexual and
heterosexual individuals. Second, our predictive models only
used self-reported and simple questions to develop models.
Previously published studies used numerous predictors for their
models [23,26-28]. Third, we systematically developed 26
ensemble models. In our study, we tested all possible
combinations of 5 base models. The final strength of our
research is that we performed 2 external validation analyses of
each model.
We were unable to locate any web-based, publicly available
tool to quantify STI risk. We identified some available
web-based HIV prediction tools, such as the “HIV risk
prediction tool” [49], “HIV/AIDS Risk Calculator” [50], and
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“Online Risk Assessment” [51]. We also identified some
available web-based STI prediction tools, such as “Find out if
you need to get tested for an STD” [52], “Online STI Testing”
[53], and “Take a free test” [54]. These HIV and STI prediction
tools provide only subjective terms such as “high” risk or “You
are advised to take an HIV/STI test.” Our risk prediction tool
could quantify the risk of HIV and STIs. In addition, our
artificial intelligence (AI)–based risk prediction tool can
simultaneously provide risk scores for HIV and 3 common STIs
(gonorrhea, chlamydia, and syphilis) for men and women aged
18 years and older.

Implications
Our web-based HIV and STI risk prediction tool can be used
as a screening tool to potentially increase HIV and STI testing
and encourage access to testing and health care (Figure S8 in
Multimedia Appendix 1). The tool could be used on clinic
websites so the public could assess their risk and then decide if
they would attend a clinic for testing. It may also be used within
a clinic to identify and triage those at higher risk of HIV and
STIs if the demand in the clinic is too great to see everyone who
attended. However, an AI-based risk prediction tool cannot
replace formal HIV and STI testing and treatment in clinical
settings, but it would allow individuals to understand their own
risks and increase testing uptake. Our tool could increase risk
perception and concern about infection, thus increasing HIV
and STI testing. A study in the British population showed that
increased risk perceptions are associated with greater STI health
care use [12]. Further external validation of our AI-based risk
prediction tool in other countries or regions, such as low- and
middle-income countries, may provide an opportunity to reduce
the cost of HIV and STI screening by better focusing testing on
those at highest risk [55].
There are many possible ways that our web-based risk prediction
tool could be potentially used, including as part of a behavioral
intervention to control HIV and STIs or to help clinicians or
public health workers identify high-risk individuals for risk
management or further interventions. An example of this exists
in adolescent health risk behaviors. Researchers used an
individual’s risk behavior scores and personalized feedback as
part of an intervention for health behaviors, including nutritional
behaviors, physical activity, and sleep [56]. In this randomized
clinical trial, the youths in the intervention group significantly
reduced their risk behavior scores at 3 months compared with
the control group [56]. Our web-based risk prediction tool could
serve as a behavioral intervention tool in the same way.
Future work will investigate the effectiveness of this web-based
HIV and STI risk prediction tool for behavioral change (ie,
uptake of PrEP or condom promotion) and STI service
utilization behaviors (timely clinic attendance and HIV and STI
testing uptake) after receiving risk prediction results and testing
recommendations. Implementing this web-based HIV and STI
prediction tool may encourage individuals with STI symptoms
or those at high risk without symptoms to attend health services
for timely testing and regular testing. Since February 2009, the
MSHC has offered MSM regular SMS reminders for STI
screening [57]. For example, providing an estimated risk of
HIV and STIs and risk reduction advice (ie, uptake of PrEP or
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condom promotion) among high-risk populations (eg, MSM)
in an SMS reminder message may encourage testing and
behavioral changes.

Limitations
This study has some limitations. First, the predictive factors
depend on self-reported information from the CASI system,
which is subject to the participants' recall, nonresponse, and
social desirability bias. For example, MSM who declined to
report the number of male partners were at a higher risk of
chlamydia [58]. There has been substantial work undertaken on
the CASI system's validity and accuracy [59]. Second, machine
learning models may suffer from overfitting. We used repeated
CV to tackle the overfitting problem. We also used ensemble
learning methods to enhance the model's generalizability. Third,
the generalizability of our models to those not attending the
clinic or to other countries or regions is limited because it was
derived from a single sexual health service. Thus, if it is used
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in other countries and regions, further validation is required.
Finally, the risks of HIV have changed rapidly over this time
by introducing PrEP, so future models will need to include this
question, given how the potency of this single preventive
strategy.

Conclusions
This is the first web-based risk assessment tool using machine
learning algorithms and self-reported data to identify HIV,
syphilis, gonorrhea, and chlamydia in men and women. Our
online risk prediction tool could accurately predict the risk of
HIV and STIs in clinic attendees with a simple self-administered
questionnaire. Our risk prediction tool could be part of clinic
websites or digital health platforms. The public can use this risk
prediction tool to assess their HIV and STI risk to inform testing.
Clinicians or public health workers can use this risk prediction
tool to identify high-risk individuals for further interventions.
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Abstract
Background: Emergency department (ED) crowding is a global health care issue. eHealth systems have the potential to reduce
crowding; however, the true benefits are seldom realized because the systems are not integrated into clinicians’ work. We sought
a deep understanding of how an eHealth system implementation can be structured to truly integrate the system into the workflow.
Objective: The specific objectives of this study were to examine whether work system theory (WST) is a good approach to
structure the implementation of an eHealth system by incorporating the entire work system, and not just the eHealth system, in
the implementation framework; identify the role that specific elements of WST’s static framework and dynamic work system life
cycle model play in the implementation; and demonstrate how WST can be applied in the health care setting to guide the
implementation of an eHealth system.
Methods: Through a case study of an ED in a rural hospital, we used a mixed methods approach to examine the implementation
of a surge management system through the lens of WST. We conducted 14 hours of observation in the ED; 20 interviews with
clinicians, management, and members of the implementation team; and a survey of 23 clinicians; reviewed related documentation;
and analyzed ED data to measure wait times. We used template analysis based on WST to structure our analysis of qualitative
data and descriptive statistics for quantitative data.
Results: The surge management system helped to reduce crowding in the ED, staff was satisfied with the implementation, and
wait time improvements have been maintained for several years. Although study participants indicated changes to their workflow,
72% (13/18) of survey participants were satisfied with their use of the system, and 82% (14/17) indicated that it was integrated
with their workflow. Examining the implementation through the lens of WST enabled us to identify the aspects of the
implementation that made it so successful. By applying the WST static framework, we saw how the implementation team
incorporated the elements of the ED work system, assessed their alignment, and designed interventions to address areas of
misalignment. The dynamic work system life cycle model captured how planned and unplanned changes were managed throughout
the iterative implementation cycle—83% (15/18) of participants indicated that there was sufficient management support for the
changes and 80% (16/20) indicated the change served an important purpose.
Conclusions: The broad scope and holistic approach of WST is well suited to guide eHealth system implementations as it
focuses efforts on the entire work system and not just the IT artifact. We broaden the focus of WST by applying it to the
implementation of an ED surge management system. These findings will guide further studies and implementations of eHealth
systems using WST.
(J Med Internet Res 2022;24(8):e37472) doi:10.2196/37472
KEYWORDS
emergency department; surge management; work system; system implementation; emergency department information system;
mobile phone
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Introduction
Background
Emergency department (ED) crowding is a major global health
care issue [1]. The negative consequences are well established
and include adverse patient outcomes and increased mortality
[1,2]. ED crowding describes a situation in which the demand
for emergency services exceeds the ability to provide care in a
reasonable amount of time. When an ED has reached the point
of overcapacity, the hospital implements a process, called surge,
to allow for decompression. The use of eHealth systems,
including systems to manage surge, has the potential to offer
numerous benefits for EDs; however, the benefits have often
been less than anticipated in many cases owing to
implementation difficulties [2]. In particular, the difficulty of
integrating the system into clinicians’ work is cited as a key
barrier to the successful implementation of ED [3] and other
eHealth systems [4,5]. Several systematic reviews of eHealth
interventions found that workflow was one of the most common
barriers to successful implementations [6-8]. Granja et al [6]
recommended that there is a critical need to perform in-depth
studies of the workflow when implementing eHealth
interventions to identify facilitators and barriers at the earliest
possible stage of the implementation to ensure that they are
defined in the implementation strategy. This highlights the need
for those undertaking such projects to understand the factors
that affect the staff’s work and workflow, so that they can
modify and improve the implementation to align with the
organization’s and staff’s requirements. However, we lack a
thorough understanding of how the implementation of such
systems can be structured to incorporate the broad work system.

Objectives
We propose that using work system theory (WST) [9,10] to
guide the implementation of eHealth systems may help to attain
desired outcomes by incorporating the entire work system into
the implementation framework. To evaluate whether WST will
be a good approach, we examined the implementation of a surge
management system in an ED of a rural, Canadian, 80-bed
hospital through the lens of WST.
The surge management system was designed to track patient
demand and capacity in the ED, calculate surge levels, and
prescribe volume-based staffing. One of the most important
eHealth systems in the health care domain is the ED information
system to manage information and workflow and support patient
care in the emergency room, and there are numerous studies
supporting the advantages of its use [2]. However, although
surge management is often a component of many ED
information systems and there are a plethora of studies
examining many processes to manage surge (ie, lean
management [11], small cycles of process changes [12], and
implementation of fast-tracking [13]), there are few studies
examining eHealth systems specifically for the management of
surge in the ED.
WST is a well-established theory for understanding relationships
between technology and work systems. A work system is “a
system in which human participants and/or machines perform
work (processes and activities) using information, technology,
https://www.jmir.org/2022/8/e37472
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and other resources to produce specific products/services for
specific internal and/or external customers” (p75) [9]. WST is
based on the premise that systems, and the work processes they
affect must be properly managed to fit with practice. The
adoptive entity is not only the system but also the entire
IT-enabled work system. WST views the work system from
two perspectives: (1) a static framework, with (2) a dynamic
life cycle. The static framework presents a view of the work
system at a particular time interval through 9 elements
constituting the work system’s form, function, and environment.
According to WST, the 6 internal elements of the static
framework—processes and activities, participants, information,
technologies, customers, products, and services—should be
balanced. The remaining 3 external elements—environment,
infrastructure, and strategies—provide the context in which the
work system operates. The dynamic work system life cycle
(WSLC) model, presents how the work system changes over
time through planned and emergent (unplanned) changes. In
this study, we used a mixed methods approach to examine the
implementation of the surge management system from a WST
perspective and conceptualize the eHealth system as only a
component within a broad ecosystem. We propose that WST
can be useful for structuring the implementation of such eHealth
systems.

Methods
Overview
We followed a longitudinal case study methodology over
approximately 2 years using a mixed methods approach to
collect data during and after the implementation of the surge
management system. The ED is located in a rural hospital that
provides emergency and inpatient services to a catchment
population of approximately 40,000. At any point of time, the
ED has 8 stretchers, 3 high-turnover examination beds, and
average daily volume of approximately 80 patient visits. The
ED team is made up of 1 primary family physician who practices
emergency medicine, 1 secondary coverage physician, 1 nurse
practitioner, and up to 4 registered nurses per shift. In total, the
ED has approximately 50 staff and management directly
involved in surge management.

Surge Management System—Background
The surge management system is composed of the eHealth
system and related interventions to manage surge levels in the
ED (ie, new surge management processes and procedures and
new personnel). When we refer to the surge management system
in this study, we are not only referring to the eHealth system
portion but also to the other components of the new surge
management process. This reflects the view of WST that
technology is only an element of the work system. The surge
management system was implemented iteratively over
approximately 5 years, and our study examines the last 2 years
of the implementation, and in particular, the implementation of
the eHealth system portion of the surge management system.
The implementation team did not follow a formal
implementation framework; instead, there was a unique situation
in which the surge management system was developed by 2 ED
clinicians, and they led the implementation.
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The eHealth system portion of the surge management system
is installed in the ED nursing station, and staff receives
notifications of surge levels through a smartphone app via email
and SMS text messages (Figure 1). Patient demand and capacity
are entered at least every 2 hours for identified metrics that
influence waiting times in the ED. Data are entered more
frequently if the staff perceives the patient demand to be
increasing. A surge level score is calculated in real time using
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algorithms. Each score has a corresponding set of prescribed
volume-based staffing, management, and overcapacity protocols.
For example, a total score of 40 triggers the highest level (level
5) and is associated with actions such as sending a text to
frontline management and staff, calling ‘Surge Level 5,’ sending
all patients with low acuity to the waiting room, and contacting
physicians with potential discharges.

Figure 1. Screenshot of the surge management system.

Data Collection and Analysis
We started our primary data collection several months after
most of the manual changes to the surge management process
were in place and as the team was beginning the implementation
of the eHealth system portion. At this time, the clinicians used
a manual version of the surge management system, in which
they calculated surge levels by hand and manually reported the
surge levels. Figure 2 shows a time line of our data collection.

We started by conducting open-ended interviews with 2 key
members of the implementation team over a period of several
months. These interviewees also worked in the ED and were
key participants in the surge management process. This gave
us background information about the decision to implement the
surge management system, overview of the hospital and ED
functioning, and insight into the ongoing and planned
implementation processes.

Figure 2. Time line of data collection. ED: emergency department.

After 4 months, we distributed a web-based survey to the clinical
staff in the ED to determine their satisfaction with the surge
management system, the perceived benefits to the hospital, and
the nature of their job level change. We also asked about their
perceptions of fairness of the change, management support for
the change, and their commitment to the change. Validated
measures were used and adapted for our setting where necessary
[14-18]. The survey was completed by 23 clinicians who play
a direct role in surge management at the hospital. Though the
https://www.jmir.org/2022/8/e37472
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sample size for the surveys appears small (n=23), it represents
approximately 50% of the population of potential users. Refer
to Multimedia Appendix 1 for the survey questions. To cope
with the statistical limitations of the small survey sample size,
we confined our quantitative analyses to descriptive statistics.
We conducted a workshop with members of the implementation
team to discuss the initial observations and to receive feedback,
thereby increasing internal validity [19].
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Then, we used the findings from the initial interviews and survey
to inform our observations in the ED and to probe areas further
through additional interviews approximately 9 months later and
again after 4 months once all aspects of the eHealth system
implementation were complete. We conducted 14 hours of
observation over 2 days (1 day during the implementation
process and 1 day after the eHealth portion of the surge
management system, and all related changes were implemented).
Each day included several clinical shifts so that we could see
how the process functioned at various times throughout the day
and at various surge levels. We had full access to the ED and
our observations involved observing the environment, staff
interactions and events, activities, and processes occurring in
the hospital, which are associated with the use of the surge
management system. We took notes on what was observed and
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asked questions to understand what was happening. Refer to
Multimedia Appendix 1 for the observation protocol. During
this time, we also conducted 16 interviews with frontline
clinicians and management, and members of the implementation
team were included in this group. Refer to Multimedia Appendix
1 for the interview guide. We stopped our phases of observations
and interviews when data saturation was reached. All notes and
recordings of interviews and observations were transcribed, and
all sources were anonymized. We reviewed documentation on
the system and the implementation, including documentation
on the surge management system and the surge protocol,
implementation plans, business case for the surge management
system, and specification of outcome measures. Table 1 provides
an overview of the data collection.

Table 1. Data collection overview.
Data source

Details

Respondent characteristics

Surveys

A total of 23 respondents

•

A total of 13 internal support (n=4, 31% primary RNsa; n=1, 8%
triage RN; n=5, 38% primary care paramedics; and n=3, 23% EDb
physicians) and 10 external support (n=1, 10% admitting physician;
n=3, 30% RN on inpatient unit; and n=6, 60% other)

Observations

A total of 14 hours of observation

•
•

a

•

Observed the ED over 2 days and several clinical shifts—1 day during
the system implementation and 1 day after the implementation.
Observed clinicians using and interacting with the system and managing flow in the ED. Full access was available wherever required.

Interviews

A total of 20 interviews

Of the 20 interviews, 4 (20%) were with ED physicians, 11 (55%)
were with ED RNs, 2 (10%) were with nurse practitioners, 1 (5%)
was with primary care paramedic, 1 (5%) was with ED manager, and
1 (5%) was with patient care facilitator (inpatient beds)

Document review

Surge management system documentation, surge
N/Ac
protocol documentation, implementation plans,
business case for the surge management system, and
specification of outcome measures

ED wait time data

Patient ED wait times from point of registration to
patient departure from the ED, from April 1, 2017,
to March 31, 2021

N/A

RN: registered nurse.

b

ED: emergency department.

C

N/A: not applicable.

We used template analysis [20] based on the elements of WST
to structure the qualitative data analysis. Template analysis
forced us to take a well-structured approach to handle the data
[20] and allowed us to examine the data according to the
elements of WST. We started by coding the data according to
the static framework. The 9 elements of the static framework
adapted to the implementation of the surge management system
in the ED are shown in Figure 3 [9]. The figure shows that the
participants use information and technologies in various
activities and processes to create products and services to serve
their customers (ie, the 6 internal elements). The environment,
strategies, and available infrastructure (ie, the 3 external
elements) also influence the work system. The arrows indicate
that the specific elements in the work system must be in
alignment.
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We started by producing a list of codes (ie, the template) for
each of the 9 elements of the WST and their interactions (ie, a
code for participants, a code for activities and processes, and a
code for the interaction between these elements). This enabled
us to identify conceptual themes and then cluster them into
broader groupings. Then, we created a hierarchical organization
of codes, with groups of similar codes clustered together to
produce more general high-order codes. For example, separate
codes relating to different groups of activities and processes
were incorporated into high-order activities and processes code.
Then, this was further subdivided into codes to capture different
activities and processes, and these were further divided into
factors influencing when and how different activities and
processes were followed, codes capturing the challenges with
performing the different activities and processes, and codes
capturing the interventions that the hospital implementation
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team conducted to deal with the challenges that arose (ie,
changing the triage process in the ED, initiating training, or
adding an extra physician). As we coded the transcripts and
marked them with the appropriate code, we revised the template
as needed. For example, as we identified an issue that was not
covered by an existing code, we added a new code; we also
deleted codes if we found that there was no need to use it. This
was an iterative process of reading the transcripts, assigning
codes, and reviewing the coding template until we were
confident that the template was sufficiently clear and
comprehensive.
Next, we used template analysis to code the WSLC model to
capture the iterative process through which the system was
implemented from initiation to operation and maintenance to
identify planned and unplanned changes and the resulting
interventions. Figure 4 [9] shows the WSLC model, adapted to
the implementation of the surge management system. We coded
the data according to the 4 phases of the WSLC model (ie,
initiation, development, implementation, and operation and
maintenance), interactions between the phases, planned and
emergent changes, and outcomes. Similar to the coding of the
static framework, this was an iterative process involving coding
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and further refinement of the template until we reached a state
that enabled us to capture the WSLC model. Once all the
transcripts were coded according to the final templates for the
static framework and the WSLC model, we reviewed the coded
text to identify themes and relationships between them.
Finally, we obtained data from the ED to measure wait times
before, during, and after our study period. The data contained
the patient ED wait times from patient registration to patient
departure from the ED. We analyzed the data from
approximately 1 year before our study started to 1 year after
our study was completed (April 1, 2017, to March 31, 2021).
We collected data for total patient visits, time to provider initial
assessment (PIA), length of stay for departed patients (LOSDep),
and patients who left without being seen. Time to PIA is the
elapsed time from the point a patient first registers at the ED
until the designated provider (ie, physician or nurse practitioner)
makes contact. LOSDep is the time interval between a patient’s
arrival to the ED to the time the patient physically leaves the
ED. The number of patients who left without being seen is the
percentage of patients who have registered at the ED and have
been triaged but leave before being seen by a designated
provider.

Figure 3. Static framework for the surge management system (adapted from the publication by Alter [9]). ED: emergency department; RN: registered
nurse.
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Figure 4. Work system life cycle model for the surge management system (adapted from the publication by Alter [9]). ED: emergency department;
PIA: provider initial assessment.

Ethics Approval
Participants provided informed consent, and the Memorial
University’s Interdisciplinary Committee on Ethics in Human
Research approved the study (20190669-BA).

Results
Summary
The results indicate that WST is a useful approach to structure
the implementation of an eHealth system because it incorporates
the entire work system, and not just the eHealth system, in the
implementation framework. In this section, we identify the role
that specific elements of WST’s static framework and dynamic
WSLC model played in the implementation and demonstrate
how WST can be applied in the health care setting to guide the
implementation of an eHealth system. Although the
implementation team did not follow WST specifically, they
included many of its elements in their approach.

Static Framework
Overview
We found that the hospital implementation team began the
project with an independent external review to assess the
organization and function (ie, the elements) of the ED work
system. Then, they designed interventions to address the issues
that were found. They did not just examine the eHealth system
portion of the surge management process, rather, they
recognized the radical change that they were trying to implement
in the ED and examined the entire work system. A member of
the implementation team commented the following during the
implementation of the surge management system:
https://www.jmir.org/2022/8/e37472
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I guess the electronic piece [of the surge management
system] is one thing, but there’s also the strategy that
goes along with it and we’re examining that in the
broader sense. And the strategy is controversial, a
little bit. So if you don’t have supportive buy-in from
some of the frontline staff, and if it’s not presented in
a way that would be well explained, it could be
definitely seen as something that people wouldn’t
want to do.

Internal Environment
The implementation team recognized the need to focus their
efforts on meeting the needs of their customers (ie, the staff,
hospital administration, and patients). They involved the staff
in the implementation. A staff member commenting on the
implementation of the surge management system said the
following:
Management driven, it’s frontline driven from us. And
we’re like, what can we change about this process.
The implementation team designed strategies to address their
customers’ (ie, staff and patient) issues. For example, time to
PIA is strongly correlated with patient satisfaction; thus, they
developed strategies (ie, briefly assessed patients even when
formal assessment space was not immediately available or
emergency physicians could triage with nursing staff in the
triage room without waiting and discharge if applicable) to
reduce time to PIA. As can be seen in Figure 3 [9], this is a
basic component of the WST static framework, which places
customers at the top of the triangle. An aspect of the
implementation that could have been improved in the beginning
was staff training on the overall new surge management process.
As we describe in the following sections, the implementation
team realized that more training was needed during the
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37472 | p.912
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
implementation for staff entering data into the surge
management system; however, their approach to training focused
primarily on learning the job and did not always seem to provide
the staff an understanding of the overall purpose of the surge
management changes or their role in the process. There were
comments that the way the surge management process
functioned depended on who was on shift that day, and that, in
particular, physicians can have a big impact on the process. In
situations such as the ED, where teamwork is so important, and
as one staff member commented, “You’re making decisions on
the fly and you can’t really plan ahead,” a shared purpose and
approach to surge management is needed. Furthermore, most
survey respondents (11/18, 61%) indicated (agreed or strongly
agreed) that they thought that the surge management system
had improved their productivity and ability to coordinate
continuity of care (11/18, 61%) and improved the hospital’s
patient care delivery, productivity, and clinical outcomes (Table
2—user satisfaction and benefits to hospital); however, in the
interviews, most staff indicated that they were not aware of the
real impact on patients or efficiency in the ED. They had not
seen the time to PIA, LOSDep, number of patients who left
without being seen, or surge levels over time; thus, they were
not sure what benefits were realized. A staff member commented
the following:
It’d be nice to see the stats and if [the surge
management system] was actually related in respect
to getting patients to the floor. Like door-to-doctor,
or triage-to-doctor, that kind of stuff...or what’s
decreasing over time. That would be nice to see.
The implementation team did not include patients, and the
project did not measure patient satisfaction. Following a WST
approach may have helped to ensure that they had designed the
implementation with a focus on customers (ie, staff and
patients), and some of these issues may have been addressed at
the onset of the project.
Despite some issues with implementation, many elements of
the static framework were applied. We found that rather than
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just implementing the eHealth system portion of the surge
management system (ie, the technology), the implementation
team recognized that there was a need to change activities and
processes, adjust participant perceptions of how the ED should
function, and track and share various information such as
performance indicators (Figure 3) [9]. The implementation team
was redesigning the ED’s work system to address areas of
misalignment identified between elements of the static
framework. For example, when the implementation team
recognized that waiting for beds for patient assessment, blood
tests, electrocardiograms, and other minor procedures were
contributing to overcrowding in the ED, they created a rapid
assessment fast-track zone. When they recognized the need to
decrease time to PIA, they designed changes in the workflow
to reduce the time to PIA. These changes to the work processes
helped to address the misalignment between the activities and
processes and products and services elements and focus the
work system on providing patient care and decreasing wait
times. Interventions to address the misalignment between
participants and activitiesand processes were addressed through
lean training for frontline ED staff to encourage them to become
active participants in the improvement process and redecoration
of the waiting and examination rooms to have a more inviting
environment for patients. Regular performance reporting
facilitated alignment between information and activities and
processes. The implementation team also used the information
obtained from the external review and through the various
interventions to design and develop a surge management system
that was aligned with the activities and processes in the ED.
The team recognized that the eHealth portion of the surge
management system was only a component of the ED work
system. They understood the impact and importance of the
changes on other elements of the work system. A staff
commented the following:
All of these different things, super track, nurse
practitioner, the hero shift...some days we’d sink if
we never had it.
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Table 2. Staff perceptions of the surge management system as indicated in the survey.
Value, mean (SD; range)
User satisfactiona
How satisfied are you with the surge management system?b

3.52 (1.08; 1-5)

The surge management system improves my productivity.

3.71 (1.10; 2-5)

The surge management system enhances my ability to coordinate continuity of care.

3.76 (1.18; 2-5)

The surge management system makes my job easier.

3.48 (1.12; 1-5)

The surge management system improves the quality of care that I can provide.

3.52 (1.12; 2-5)

The surge management system improves the quality of my decision-making.

3.48 (1.12; 1-5)

Benefits to hospital

a

Using the surge management system has improved patient care delivery.

3.94 (0.97; 1-5)

Using the surge management system has improved clinical outcomes.

3.82 (0.95; 2-5)

The surge management system improves our productivity.

4.12 (0.99; 1-5)

a,c

Job level change

I am expected to do more work than I used to.

2.78 (0.85; 2-5)

The nature of my work has changed.

3 (0.90; 2-5)

My job responsibilities have changed.

2.91 (1; 2-5)

I find greater demands placed on me at work because of this change.

2.91 (1; 2-5)

I am experiencing more pressure at work because of this change.

2.74 (1.01; 1-5)

The work processes and procedures I use have changed.

2.96 (0.88; 2-5)

My use of the surge management system is integrated with my workflow.

4.06 (0.83; 2-5)

Change fairnessa
Sufficient advanced notice was given to employees affected by the change.

3.96 (1.40; 1-5)

Those affected by the change had ample opportunities for input.

3.78 (1.35; 1-5)

The hospital kept everyone fully informed during the change.

3.65 (1.27; 2-5)

People affected negatively by this change were treated fairly.

3.78 (1; 2-5)

a

Management support for the change

Sufficient resources were available to support this change.

4 (0.85; 2-5)

All levels of management were committed to this change.

3.95 (0.84; 2-5)

Management dealt quickly and effectively with surprises during the change.

3.59 (0.91; 2-5)

There was sufficient management support for this change.

3.82 (0.96; 2-5)

Management was supportive of this change.

4.05 (0.67; 3-5)

People in this hospital find their work more interesting.

3.32 (1.13; 1-5)

Most people in this hospital are better off.

3.35 (1.19; 1-5)

People’s quality of life at work has improved.

3.36 (1.14; 2-5)

Commitment to changea
This change serves an important purpose.

4.04 (0.82; 2-5)

I believe in the value of this change.

4 (0.90; 2-5)

This change is a good strategy for this organization.

4.09 (0.73; 3-5)

I think management is making a mistake by introducing this change.c

1.91 (0.79; 1-4)

Things would be better without this change.c

1.83 (0.72; 1-3)

This change is not necessary.c

1.78 (0.74; 1-3)
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Scoring: 1=strongly disagree, 2=disagree, 3=neutral, 4=agree, and 5=strongly agree.

b

Scoring: 1=extremely dissatisfied, 2=dissatisfied, 3=neither satisfied nor dissatisfied, 4=satisfied, and 5=extremely satisfied.

c

Reverse score.

External Environment
According to WST, the 6 elements of the static framework are
influenced by the 3 elements of the external environment of the
hospital that affect the work system (Figure 3 [9])—the
environment, strategies, and infrastructure. First, within the
environment, the culture had a major impact on the
implementation of the system. The ED staff had a history of
resistance to change and certain beliefs about who should be in
the ED. Commenting on staff acceptance of the changes related
to the surge management system, a staff member said, “I think
it was really hard to go from being very rule oriented to being
more flexible.” The implementation team created
patient-centeredness training to address the belief system that
patients with low acuity should not seek care in the ED. One of
the members of the implementation team commented, “We
changed a complex system of beliefs.” Other factors such as
established processes and professional practices also created
some resistance to the new approach. A member of the
implementation team commented the following:
We have been, since 1998 in Canada, seeing patients
based on Canadian triage acuity scale. [The surge
management system] kind of meddles with that a little
bit.
These initiatives appeared to bring staff on board and create a
culture that was more accepting of change. In addition, a change
committee was established to help communicate and identify
needs for change on an ongoing basis. Second, the strategies
at the hospital, ED, and work system were in alignment. The
health authority, hospital, and ED were focused on improving
patient care in the ED and supportive of innovative approaches.
A manager commented the following:
[The health authority] has tried to put a more
innovative angle in healthcare and [this hospital]
been chosen as there are innovative kind of people
in the frontline doing some things that can help get
innovation into healthcare. Another strategy is
probably improving patient satisfaction...We know
that usually what happens in the ED is often reflected
in how well your hospital works and how well patients
are satisfied. If you don’t have a good ED, you're not
going to be reflected as having a good hospital. So
the more that we get things improved in the ED, it
tends to transform and cross over to other hospitals
or areas.
The hospital management and ED management were in support
of this initiative and devoted staff and funds to support the
project, and their strategies were aligned and focused on
reducing ED wait times. Third, there were some issues with the
infrastructure as they were not able to connect the eHealth
portion of the surge management system with the hospital’s
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other systems; therefore, staff had to continue to input the values
for the indicators into the surge management system. There
appeared to be some confusion regarding the responsibility for
this task, and we observed that sometimes, the indicators were
not entered regularly. This impaired the use of and possible
benefits from the system.

Outcomes of the Implementation
The strength of this whole system approach to structuring the
implementation is reflected in the success of the surge
management system. The new approach to surge management
changed the work system in the ED (Table 2—job level change),
with comments from staff such as, “It’s a whole new way of
thinking.” Despite these changes in workflow in the ED, we
observed a strong commitment to the system (Table 2—user
satisfaction). In total, 72% (13/18) of the survey participants
were satisfied or extremely satisfied with their use of the system,
82% (14/17) would like to increase or significantly increase
their use of the system in the future, and 82% (14/17) agreed
or strongly agreed that it was integrated with their workflow.
We observed that most staff accepted the new collaborative
approach to surge management (eg, “People are willing to work
together and help”), and many commented that the patients
seemed happy (eg, “A lot of people seem happier”).
Furthermore, participants indicated that they agreed or strongly
agreed that the system has improved patient care delivery (14/17,
82%), clinical outcomes (10/17, 59%), and productivity (15/17,
88%; Table 2—benefits to hospital).
The ED wait time data indicated an improvement in ED wait
times at the beginning of the implementation from October 1,
2014, to March 31, 2017. Despite approximately 26% increase
in patient volume, the time to PIA decreased by 62.1 minutes,
LOSDep decreased by 65 minutes, and patients who left without
being seen decreased from 12.1% to 4.6% [21]. Our study began
approximately 1 year later when the eHealth system portion of
the surge management system was being implemented. Our
analysis shows that the wait times have plateaued, but stayed
consistent since the time of initial implementation and through
the implementation of the eHealth system portion of the surge
management system, despite the increase in patient volume.
Table 3 shows the characteristics of patient visits to the ED
from April 1, 2017, to March 31, 2021. The dramatic decrease
in ED wait times after the initial implementation of the surge
management system and the ability of the ED to maintain these
wait times in the 4 years after the implementation and through
the implementation of the eHealth system portion of the surge
management system can be seen in Figure 5. Slight variations
in the time to PIA and LOSDep and large increase in the number
of patients who left without being seen can be seen around the
beginning of the COVID-19 pandemic in March 2020; however,
since this time, the wait times have returned to their prepandemic
values.
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Table 3. Characteristics of patient visits to the emergency department (2013-2021).
Characteristics

July 1, 2013, to
September 30, 2014a

January 1, 2016, to April 1, 2017, to
March 31, 2018
March 31, 2017a

April 1, 2018, to
March 31, 2019

April 1, 2019, to
March 31, 2020

April 1, 2020, to
March 31, 2021

Total visits, n

23,898

30,031

26,966

29,321

29,014

22,931

Number of daily visits,
mean (SD)

52b

66b

74 (6.54)

80 (6.25)

79 (8.03)

63 (10.05)

Time to PIAc (minutes),
mean (SD)

104.3 (0.9)

42.2 (8.1)

49.6 (5.5)

48.5 (4)

51.9 (5.7)

41.3 (5.5)

LOSDepd (minutes),
mean (SD)

199.4 (16.8)

134.4 (14.5)

158.2 (7.3)

139.7 (8.3)

147.8 (10)

145.6 (11.5)

4.6 (1.7)

4.1 (0.3)

3.7 (0.2)

3.8 (0.4)

5.0 (1.1)

Patients who left without 12.1 (2.2)
being seen (%), mean
(SD)
a

These data were obtained from the publication by Patey et al [21].

b

SD value is unavailable.

c

PIA: provider initial assessment.

d

LOSDep: length of stay for departed patients.

Figure 5. Average time to provider initial assessment (PIA), length of stay for departed patients (LOSDep), and patients who left without being seen.

WSLC Model
In contrast to the static framework that we used to examine the
work system at one point in time, we applied the WSLC model
to examine the changes to the work system over time through
planned and unplanned changes as part of the system’s natural
evolution. We found that the surge management system project
followed the 4 phases of the WSLC: initiation, development,
implementation, and operation and maintenance (Figure 4) [9].
The project was initiated to address missed wait time
benchmarks and high ED wait times, and it was initiated with
the independent external review. As we discussed, this review
identified areas for improvement, and interventions for a new
surge management system were created in the development
phase, planned strategies were implemented in the ED, and
surge management system process and outcomes were
continuously monitored. Initially, continuous monitoring was
performed informally; however, as we mentioned previously,
a change committee was created to take a more systematic
approach to monitor the surge management system and make
the necessary changes over time.
The planned changes included the eHealth system portion of
the surge management system itself, along with the interventions
described previously; however, in addition, we found that
https://www.jmir.org/2022/8/e37472
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unanticipated opportunities and challenges emerged through
the development cycle. For example, during initiation, the
implementation team found that in addition to the changes in
workflow, training, and creation of the surge management
system that the team thought they would have to make, they
discovered that they also needed to create a culture of patient
worthiness, and an intervention to address this change was
developed. Throughout the phases of the project, we found that
the implementation team followed an iterative approach. When
they recognized that changes were necessary in the static
framework elements, they had the authority to make those
changes. An implementation team member commented the
following:
It’s interim improvements as we go...where we’re
going to fix what we see is wrong before we go
anywhere else.
During the implementation phase, the team found that during
the busy times, despite following the new surge management
policies and procedures, staff were still often unable to manage
the wait times sufficiently. Therefore, the team went back to
the development phase and created a new hero shift to provide
added ED physician and nursing support during these times.
This was an unanticipated opportunity and proved to have
beneficial results. In addition, during the operation and
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maintenance phase, the team saw unanticipated adaptations in
the frequency with which staff entered the surge measures in
the surge management system, and additional staff training was
conducted. The implementation team also saw issues with
accessing information for some indicators, and the surge
management system was modified accordingly.

This reflects the need for continuous monitoring of the surge
management process and illustrates how the WSLC model can
be used to manage the implementation to recognize
unanticipated opportunities and adaptations over time.

We found that the iterative approach helped the team to address
issues as they arose. However, the changes required by the new
ED surge management process were not easily made, and the
implementation team faced some resistance. Staff commented
the following:

Principal Findings

Some people understand the process of flow better
than others.
And then you’ve got some doctors, it’s like pulling
teeth...they’re just associated with the old way of
doing things.
I think it was really hard to go from being very
rule-oriented to being more flexible.
The implementation team recognized the challenges with the
new system:
The strategy is controversial...it could be definitely
seen as something that people wouldn’t want to do.
For example, the changes included broadening the scope of
work for the primary care paramedics to include transporting
patients to an admitting floor. This could have been perceived
as negative, but survey participants indicated a high degree of
change fairness (Table 2):
People affected negatively by this change were treated
fairly.
The implementation team commented that the challenges to
incorporating the surge management system into the daily
workflow were exacerbated by the fact that they could not make
the use of the system mandatory:
It’s really tough to do mandatory things. It’s not like
a factory...most people got practices that are guided
by professional bodies...probably the biggest
challenge here is that.
However, we found that, overall, the staff indicated that the
changes were managed well, as demonstrated by agreement
levels (Table 2—change fairness, management support for the
change, and commitment to change). Sufficient resources were
available to support the change (14/20, 70% agreed or strongly
agreed), there was sufficient management support for the
changes (15/19, 79%), and the change served an important
purpose (16/20, 80%).
The need for an iterative approach was also reflected in the fact
that the ED work system itself was not stable. We saw that there
were changes to the surge management system, new staff, new
activities and process, and other new systems. An ED staff
member commented the following:
...Change is now part of regular work...and here it
seems to just be part of what you do now. It’s actually
become just regular work.
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Discussion
The broad scope and holistic approach of WST is well suited
to guide eHealth system implementations in the ED as it has
the potential to address a key barrier to successful
implementations—integrating the system into clinicians’ work.
EDs are complex systems that involve a variety of groups
responsible for guiding patients through different organizational
and clinical processes during their care. System implementation
in such a complex setting requires focus on the work system,
and not just the IT artifact. The surge management system is
an example of a successful implementation, as the surge
management system and related interventions improved key
ED wait times. In our study, we demonstrate what made this
implementation a success, through a WST analysis lens. It is
important to understand what aspects of the implementation
made it a success because if we understand what works, other
implementation teams also can use this approach. We found
that the key success factors were the incorporation of the entire
work system into the implementation framework and the
iterative approach.
Although the implementation team did not follow WST, we
propose that it can be applied in the implementation of eHealth
systems in such environments. The WST’s static framework
can help to broaden the focus of implementation from just the
eHealth system to a view that considers the eHealth system as
a part of a large work system, in which human and technological
components work together to manage patient care. The emphasis
on the services produced and the value of those services to the
staff and patients is particularly beneficial in the health care
setting. This will ensure that the implementation is focused on
the end user and the ultimate goal of the system, rather than a
narrow focus such as system’s use. We saw that the external
review helped to identify all the elements of the ED work system
and not only the eHealth system portion of the surge
management system that can affect the success of the system
implementation. The resulting interventions helped to ensure
alignment among elements in the WST’s static framework and
to focus the attention throughout implementation on the ultimate
goal of reducing ED wait times.
We saw how taking a more holistic approach for the
implementation helped to alleviate some of the common barriers
to eHealth system success. For example, rather than focusing
on the technical components of the surge management system,
something that is a significant contributor to the gap between
prospect and reality [22,23] and which is only a component of
the WST static framework, the implementation team also
focused on the other elements of the static framework.
Furthermore, they addressed resistance to change, which is
another barrier to eHealth interventions [24,25], by involving
staff in the implementation, through training and creation of a
change committee. We saw how they considered the different
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perspectives of different staff and management involved in the
surge management process by involving them in the
implementation process, something, which if not done can be
another barrier [26,27]. There is a widespread perception in
human-computer interaction that recognizes the importance of
user-centered design and participatory design approaches. This
has also been shown to be important in the design of workflow
associated with eHealth system implementations. On the basis
of their review of the factors influencing the outcome of eHealth
interventions, Granja et al [6] proposed that user involvement
in the design of the workflow is the most important factor for
the success of eHealth systems. Using the WST lens helped us
to identify the different elements of the work system and
discover how the interventions addressed any misalignment
between the elements. We propose that applying the static
framework will help implementation teams to ensure that they
are including the essential elements of the work system and
provide them with a systematic way to assess the alignment
between the elements.
Viewing the implementation of the surge management system
through the WSLC model created an approach that differs
fundamentally from the traditional systems development life
cycle. In the systems development life cycle methodology, the
system is the technical artifact that is created, and it does not
necessarily incorporate iterations. We found that viewing the
surge management system as part of dynamic work processes
with a series of changes that emerged through planned and
unplanned events, and their interactions, highlighted the
importance of continuously identifying the changes or areas of
misalignment in the work system. It also helped to clarify what
interventions were needed and how to manage such changes,
while recognizing that changes to the work system can occur
through planned initiatives or emerge over time. We propose
that implementation teams can use the WSLC model to follow
an iterative approach that will allow them to be open to
unanticipated opportunities and recognize unanticipated
adaptations during the implementation and give them a
structured way of dealing with the planned and emergent
changes.
Researchers have adapted and used WST in different areas over
several decades [9,10]; however, it has had limited application
in health care [28,29]. To the best of our knowledge, it has not
yet been applied in the ED, nor has it focused on how it can be
used during the implementation of an eHealth system. Therefore,
we broaden the focus of WST by applying it in the health care
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field (specifically ED) and to its use in the implementation of
eHealth systems. We propose that the static framework can be
used by non-IT and IT professionals to analyze the work system
to incorporate the sociotechnical aspects of implementing an
eHealth system as part of a large work system. Then, the WSLC
model can be used to structure the implementation and monitor
and manage the system over time. Future studies can examine
the implementation of an eHealth system with a team that is
following the WST approach, to uncover any problems that
may arise and identify opportunities for overcoming them.

Limitations
This study was conducted in 1 rural hospital ED. Experiences
regarding the implementation of the same or other ED systems
may be different in other types of ED settings, thus limiting
generalizability. However, the practices of WST have been
shown to improve implementation success in other complex
settings. Another limitation is the small sample size of the
survey; however, approximately half of the ED staff responded.
Moreover, the observations were conducted only for 2 days;
however, during observation, we asked if the shifts represented
a typical day, and they indicated that they did. They also
indicated that after 10 PM, the ED is generally not busy, and
thus, surge management during nights is similar to a nonbusy
time during the day. The ED wait time data before, during, and
after implementation of the surge management system support
the success of this implementation. The use of the mixed
methods approach with surveys, interviews, observations,
document review, and ED wait time data analysis should have
helped to combat potential limitations.

Conclusions
This conceptualization of the surge management system
implementation through the lens of WST gives us insight into
how to structure the implementation of a surge management
system to incorporate the broad work system. We captured how
the static framework can be a useful tool to assess the elements
of the broad work system that need to be changed and managed
to successfully implement an ED surge management system,
and we propose that the WSLC model can provide a structured
way to manage the implementation of such changes. This study
addresses the need for more studies on surge management
systems and methodologies to implement eHealth systems that
incorporate the broad work system. These findings can guide
further studies and implementations of eHealth systems.
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Abstract
Background: Depression is a common comorbid condition in individuals with chronic back pain (CBP), leading to poorer
treatment outcomes and increased medical complications. Digital interventions have demonstrated efficacy in the prevention and
treatment of depression; however, high dropout rates are a major challenge, particularly in clinical settings.
Objective: This study aims to identify the predictors of dropout in a digital intervention for the treatment and prevention of
depression in patients with comorbid CBP. We assessed which participant characteristics may be associated with dropout and
whether intervention usage data could help improve the identification of individuals at risk of dropout early on in treatment.
Methods: Data were collected from 2 large-scale randomized controlled trials in which 253 patients with a diagnosis of CBP
and major depressive disorder or subclinical depressive symptoms received a digital intervention for depression. In the first
analysis, participants’ baseline characteristics were examined as potential predictors of dropout. In the second analysis, we assessed
the extent to which dropout could be predicted from a combination of participants’ baseline characteristics and intervention usage
variables following the completion of the first module. Dropout was defined as completing <6 modules. Analyses were conducted
using logistic regression.
Results: From participants’ baseline characteristics, lower level of education (odds ratio [OR] 3.33, 95% CI 1.51-7.32) and
both lower and higher age (a quadratic effect; age: OR 0.62, 95% CI 0.47-0.82, and age2: OR 1.55, 95% CI 1.18-2.04) were
significantly associated with a higher risk of dropout. In the analysis that aimed to predict dropout following completion of the
first module, lower and higher age (age: OR 0.60, 95% CI 0.42-0.85; age2: OR 1.59, 95% CI 1.13-2.23), medium versus high
social support (OR 3.03, 95% CI 1.25-7.33), and a higher number of days to module completion (OR 1.05, 95% CI 1.02-1.08)
predicted a higher risk of dropout, whereas a self-reported negative event in the previous week was associated with a lower risk
of dropout (OR 0.24, 95% CI 0.08-0.69). A model that combined baseline characteristics and intervention usage data generated
the most accurate predictions (area under the receiver operating curve [AUC]=0.72) and was significantly more accurate than
models based on baseline characteristics only (AUC=0.70) or intervention usage data only (AUC=0.61). We found no significant
influence of pain, disability, or depression severity on dropout.
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Conclusions: Dropout can be predicted by participant baseline variables, and the inclusion of intervention usage variables may
improve the prediction of dropout early on in treatment. Being able to identify individuals at high risk of dropout from digital
health interventions could provide intervention developers and supporting clinicians with the ability to intervene early and prevent
dropout from occurring.
(J Med Internet Res 2022;24(8):e38261) doi:10.2196/38261
KEYWORDS
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Background

of attrition,” the observation that a substantial proportion of
users in eHealth apps will stop using the intervention before
completing the full treatment protocol.

Chronic back pain (CBP) is a major global health concern with
lifetime prevalence rates of 60%-70% [1]. CBP is the leading
cause of activity limitation and work absenteeism and accounts
for the highest number of disability-adjusted life years
worldwide [2]. Approximately 1 in 5 adults with CBP are
diagnosed with major depression and many more experience
subclinical symptoms [3]. In patients with CBP, comorbid
depression is often associated with lower treatment adherence,
poorer treatment outcomes, increased medical complications,
and higher health care use [4-6].

Several studies have assessed predictors of dropout in digital
mental health interventions [27,32-34]. In a systematic review
of internet-based interventions for anxiety and depression,
Christensen et al [34] found that higher baseline depression
severity and older age were associated with higher rates of
intervention dropout. In a meta-analysis of individual patient
data, Karyotaki et al [33] found that being male, having a lower
education level, younger age, and comorbid anxiety symptoms
significantly increased the risk of dropout from self-guided
digital interventions for depression.

Psychological interventions have been demonstrated to be
effective in the treatment of depression for individuals with
CBP [7]. Accordingly, cognitive behavioral therapy is now
recommended as the first-line treatment in most international
guidelines, for example, the National Institute for Health and
Care Excellence [8]. However, the ability to access
psychotherapy is a significant barrier to treatment. On average,
less than 1 in 5 people in high-income countries and less than
1 in 27 people in low- and middle-income countries receive
appropriate treatment [9], giving rise to a treatment gap in
mental health care [10].

However, to the best of our knowledge, no research has been
published to date that assesses which factors may predict dropout
in a digital intervention for depression in patients with comorbid
somatic illness. This question may be particularly pertinent for
these individuals as chronic pain and depression are often
associated with reduced motivation to initiate or complete
goal-directed tasks [35,36]. As the treatment schedules of
patients with multimorbidities can already be quite demanding
[37,38], higher levels of pain disability—or lower confidence
in performing activities while in pain (pain self-efficacy)—may
therefore influence an individual’s ability to adhere to a digital
intervention and thus experience the benefits [39].

Introduction

Digital interventions, which deliver psychotherapeutic
components via a web browser or smartphone app, have been
proposed as a scalable, cost-effective way to meet the growing
demand for psychological treatment and address many of the
challenges associated with accessing traditional face-to-face
therapy [11-15]. There is now a large body of evidence
supporting the efficacy of digital interventions for the prevention
and treatment of depression [16-20], with recent studies
providing promising evidence for the treatment of depression
in patients with comorbid physical conditions [21-25].
Despite the demonstrated efficacy, adherence to digital
interventions remains a major challenge. A recent meta-analysis
on digital interventions for depression identified that, on
average, little more than half of the participants completed the
full intervention and only 25% of the participants completed
the full intervention when the intervention was delivered within
routine health care settings [16]. The same meta-analysis also
identified that completing the full intervention was the strongest
predictor of outcomes, underscoring the importance of treatment
adherence [26]. Similar rates of intervention dropout have been
reported in other studies on digital health interventions [27-30],
giving rise to what Eysenbach [31] has referred to as the “law
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Knowing which patient characteristics predict a higher
likelihood of dropout may be valuable for identifying individuals
in advance of treatment that might benefit from alternative care
pathways [33,40]. However, it is unclear how useful the baseline
predictors may be once a patient has already started treatment.
In most digital health interventions, there is a steady attrition
over time, with most users dropping out after completing the
first 1 or 2 modules—the “attrition-phase” [31,41,42]. The
ability to identify which individuals are at high risk of dropout
early on in treatment could be valuable for supporting clinicians,
especially within stepped-care models where rapid identification
of nonresponders and the speed of providing alternative
treatment can have a significant influence on outcomes [43,44].
Although the field is still nascent, there is a wealth of data
generated from digital interventions that may aid the prediction
of dropout once a patient has started treatment. In the same way
that many digital apps outside of health care use
churn-prediction models to identify if a user is likely to churn
(ie, stop using the app as intended), similar models and
principles of human-computer interaction may be valuable to
predict dropout and maximize adherence within the field of
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digital health. For example, in a digital intervention for a chronic
lifestyle disease, Pedersen et al [45] were able to predict dropout
with 89% precision using a model that included the number of
messages received from the health coach, 2 weeks of inactivity,
and the provider of the intervention as the most significant
predictors. In a study of a self-help digital intervention for the
treatment of insomnia, Bremer et al [46] identified individuals
at risk of dropout with an area under the receiver operating curve
(AUC) of 0.719 using a combination of baseline characteristics
(eg, self-reported stress levels) and intervention usage data (eg,
number of days to complete each module). One of the most
significant findings of the study was that the prediction of user
dropout was possible early on in the intervention (after
completion of the introductory module).

Objectives
As digital mental health interventions are being increasingly
adopted by health care systems worldwide [13,47], the ability
to identify patients at risk of dropout may provide valuable
information to improve the adherence, and thus effectiveness,
of digital interventions. This study aimed to identify the factors
that may predict dropout in a digital intervention for depression
in individuals with CBP. In particular, we sought to assess which
participant characteristics may be associated with a higher risk
of dropout and whether intervention usage data could help
improve the identification of individuals at risk of dropout early
on in treatment.
Drawing from 2 recent studies on a guided digital intervention
for the treatment and prevention of depression in individuals
with comorbid CBP, we asked the following research questions:
1.

2.

3.

Can we predict intervention dropout from participant
baseline characteristics? If so, which participant
characteristics predict a higher likelihood of dropout?
Can we develop an “early warning system” that identifies
participants at risk of dropout early on in the intervention?
Specifically, how accurately can we predict which
participants will drop out after completion of the first
module and what is the most accurate model for classifying
at-risk individuals?
Do predictors of dropout differ between patients clinically
diagnosed with major depressive disorder (where the
intervention is targeting treatment) and patients with
subclinical depressive symptoms (where the intervention
is targeting prevention)?

Moshe et al
by Baumeister et al [48] and subclinical but at least mild levels
of depressive symptoms in the study by Sander et al [21]). For
the purpose of this study, the trial data were combined. All the
participants provided written informed consent.

Participants
All participants (N=253) assigned to the intervention arms of
the primary studies were included in this analysis. The inclusion
criteria of the primary studies were as follows: (1) age ≥18
years; (2) presence of depressive symptoms, either reported
persistent subthreshold depressive symptoms in the past 3
months or meeting the Diagnostic and Statistical Manual of
Mental Disorders, 4th Edition, criteria for a mild to moderate
depressive episode or persistent depressive disorder; (3)
diagnosed back pain chronicity of at least 6 months; (4) have
German language skills; and (5) access to internet and PC. The
exclusion criteria were as follows: (1) having ongoing or planned
psychotherapy within the forthcoming 3 months, (2) being
currently suicidal or having had suicidal attempts within the
past 5 years, or (3) having had a severe depressive episode
within the past 6 months. In the primary studies, participants
were recruited during or following discharge from 1 of the 82
orthopedic clinics across Germany. They were recruited
personally by a clinician or on the web using a flyer and
information letters distributed by the clinic.

Intervention
The intervention is a guided internet- and mobile-based
intervention for the treatment (eSano BackCare-D [49]) or
prevention (eSano BackCare-DP [50]) of depression in patients
with comorbid CBP. The content of the intervention is based
on cognitive behavioral therapy for depression and includes
elements of psychoeducation, social skills, problem-solving,
behavioral activation, relaxation, motivation for physical
exercises, and psychological pain intervention elements.
Modules consist of information provided by text, video, audio,
and interactive exercises and include a homework assignment.
At the start of each module, participants reported their perceived
stress level at the time and whether they had experienced any
negative events in the previous 7 days. There are 6 regular
modules and 3 optional modules focusing on sleep, partnership
and sexuality, and work. Participants were advised to complete
1 session per week. During the intervention, participants were
guided by trained and supervised psychologists (e-coaches) who
provided written feedback within 48 hours of each completed
module and by answering any queries.

Methods

Measures

Study Design

Baseline Measures

This study was a secondary analysis of data from 2 trials that
assessed the efficacy of a therapist-guided internet-based
intervention for the treatment [48] and prevention [21] of
depressive symptoms in patients with comorbid CBP. Both
trials were observer-masked, multicenter, pragmatic, and
randomized controlled trials with a parallel design. The trials
were conducted simultaneously using the same intervention,
procedures, and research setting but targeted individuals with
different levels of depressive symptomatology (diagnosed
depressive disorder of mild to moderate severity in the study

In this study, 8 baseline characteristic variables were assessed
as potential predictors of dropout. Variables were chosen on
the basis of previous research pointing to demonstrated or
hypothetical relationships between the predictor variables and
intervention adherence or dropout [32-34,45,46,51].
Demographic characteristics included age, sex (male or female),
education level (based on the International Standard
Classification of Education by UNESCO [52], low: level 1-2,
medium: level 3-4, and high: level 5+), marital status (single,
in a relationship, or divorced or widowed), and social support
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(low, medium, or high). Clinical characteristics included
depression, as measured by the Hamilton Depression Rating
Scale (HAM-D; [53]); pain disability, as measured by the
Oswestry Disability Index (ODI; [54]); and pain self-efficacy,
as measured by the Pain Self-Efficacy Questionnaire (PSEQ).
The process variables included internet affinity, as measured
by the Internet Affinity Scale. Further details on all
measurements are provided in the original study protocols
[49,50].

Intervention Usage Measures
Intervention usage measures included both active and passive
measures. The active measures were the stress level reported
by the participant at the start of each module (“Burden”) and
the occurrence of any negative events experienced in the past
7 days, self-reported by the participant at the start of each
module (“Negative Events”). Burden was assessed using a Likert
scale from 0 to 10, where 0=“not burdened at all” and
10=“extremely burdened.” Negative events were dummy coded
as 0=“no negative event in the past week” and 1=“at least one
negative event in the past week.” For passive measures, we
included the number of days taken to complete each module
(“N Days to complete module”) and the number of minutes
spent on the web completing each module (“Time spent online
completing module”).

Dropout
Dropout was defined as completing <6 intervention modules,
in accordance with the intervention developers [49,50]. It was
operationalized as a binary outcome (dropped out or did not
drop out).

Analytic Strategy
Predicting Dropout From Participant Baseline
Characteristics
To assess whether participants’ baseline characteristics could
predict dropout, analyses were conducted using logistic
regression in 3 steps. First, we conducted a series of bivariate
analyses to assess the odds ratios (ORs) of each baseline variable
(bivariate “bivariate model”). Second, we repeated the analyses
with all baseline variables simultaneously entered into the
binomial model (the “complete model”). Finally, we built a
“parsimonious model” in which we excluded nonsignificant
predictors with no incremental predictive power from the
complete model in a stepwise procedure.
Akaike information criterion (AIC) and Bayesian information
criterion (BIC) were used as measures of model fit and for model
comparison. For nested models, likelihood ratio tests were used
to directly compare whether 2 models were significantly
different from one another [55]. Collinearity was assessed using
variance inflation factors and tolerance (1/variance inflation
factors). The assumption of linearity of the logit (a linear
relationship between the predictors and dropout) was assessed
for all continuous predictor variables, and any variables found
violating the assumption were transformed based on a visual
inspection of the plot.
As this was an exploratory study, we did not adjust for multiple
testing. The study was not powered for confirmatory analysis
https://www.jmir.org/2022/8/e38261
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of the predictors, and alpha adjustment may have increased the
likelihood of type II errors.

Predicting Dropout Early on in the Intervention
To assess whether we could identify people at risk of dropout
early on in the intervention, we first created a subset of the data
available up until the point of module 1 completion (ie, baseline
assessment data and intervention data captured until participants
had completed the first module). We then compared the
performance of three separate logistic regression models using
the constrained data set: (1) a model based on participant
baseline characteristics only—the “baseline characteristics
model,” (2) a model based on intervention usage variables
only—the “intervention usage model,” and (3) a model
combining all baseline characteristics and intervention usage
variables—the “combined model.” The quality of the models
was assessed using the area under the receiver operating
characteristic curve (AUROC) and related measures of
sensitivity and specificity [55]. The optimal threshold for
AUROC was determined using Youden J statistic [56].
Sensitivity analyses were conducted to assess whether predictors
differed in the prevention and treatment studies. Here, study
was included as a dummy-coded variable (0=PROD-BP for the
prevention study and 1=WARD-BP for the treatment study) in
all parsimonious models, first as an additional predictor to assess
for a main effect of study type on dropout and then as an
interaction term with other predictors in the model to assess
whether the effect of a predictor differed across studies.
To assess whether the number of modules completed influenced
the relative risk of dropout, we conducted sensitivity analyses
using Cox proportional hazards regression [57]. In this study,
we assessed whether significant predictors of dropout differed
between the 2 methods. Analyses were conducted according to
the procedures outlined by Eysenbach [31]. The number of
completed modules was used as a proxy for time. Models were
built using the same 3-step procedure outlined above for logistic
regression.
Missingness occurred in 111 out of 3084 (3.6%) data points
and was assumed to be missing at random, indicating that
missingness depended on observed data [58]. To avoid bias
introduced by missingness, missing data were imputed using
multiple imputation by chained equations [59,60]. Predictors
for missing values were selected based on (1) model-induced
predictors, (2) predictors based on bivariate correlation, and (3)
bivariate correlation with missingness according to the
procedures outlined by van Buuren and Groothuis-Oudshoorn
[60]. Predictive mean matching was used as the imputation
method. The number of imputed data sets was set to 20, and the
number of iterations was set to 10. Convergence was visually
assessed and confirmed. Regression analysis was performed on
each imputed data set, and the results were pooled according to
the rules by Rubin [61]. Sensitivity analyses were conducted
using observed (nonimputed) data to compare with the results
of the complete models using imputed data.
All analyses were conducted in R using R Studio (RStudio,
PBC; [62]). The pROC package was used to calculate the
AUROC [63]. The Caret package (R Foundation for Statistical
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Computing) was used to calculate the sensitivity and specificity
[64]. The multiple imputation by chained equations (MICE)
package was used for multiple imputation and likelihood ratio
tests [60].

Ethics Approval
This study was a secondary of analysis of data from two
RCTs—Sander et al [21] and Baumeister et al [48]. In the
original studies, all the participants provided written informed
consent. The trial in Sander et al [21] was registered at German
Clinical Trials Register (DRKS00007960). The trial in
Baumeister et al [48] was registered at the World Health
Organization International Clinical Trials Registry
(DRKS00009272). All procedures were approved by the ethics
committee of the Albert Ludwigs University of Freiburg,
Germany (REC No. 8022-6-BW-H-2015; No. 297/14_150513
for the WARD-BP trial, EK-297/14_150513 for the PROD-BP
study).

Results
Descriptive Statistics
Among the 253 participants, 149 (58.9%) were female and 104
(41.1%) were male. The age of participants ranged from 24 to
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78 years, with a mean age of 51.1 (SD 8.88) years. Of the 253
participants, 171 (67.6%) reported having a low level of
education. Of the 253 participants, 34 (13.4%) were single, 180
(71.1%) were in a relationship or married, and 39 (15.4%) were
divorced or separated. The mean depression severity at baseline
was 10.3 (SD 5.93), as measured by the HAM-D, and 9.94 (SD
4.41), as measured by the Patient Health Questionnaire-9. The
mean level of pain disability was 31.3 (SD 14.7), as measured
by the ODI, and the mean level of pain self-efficacy was 34.9
(SD 13.0), as measured by the PSEQ. Table 1 provides a detailed
summary of the demographic and clinical characteristics of the
participants.
On average, the participants completed 4.65 out of the 6 regular
and 3 optional modules (SD 3.48). The participants took an
average of 17.64 (SD 19.55) days to complete each module,
and the mean time on the web taken to complete a module was
80.26 (SD 136.96) minutes. The mean self-reported burden was
4.55 (SD 1.97), and the mean number of self-reported negative
events across the intervention was 0.80 (SD 1.33). Table 2 shows
that 45.1% (114/253) of the participants dropped out of the
intervention before completing at least six modules. The table
also shows that the number of participants completing the
modules decreased steadily as the intervention progressed.
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Table 1. Demographic and clinical characteristics of the participants (N=253).
Valuea

Variable
Age (years)
Mean (SD)

51.1 (8.88)

Median (range)

52 (24-78)

Sex, n (%)
Male

104 (41.1)

Female

149 (58.9)

Education level, n (%)
Low

171 (67.6)

Medium

45 (17.8)

High

37 (14.6)

Marital status, n (%)
Single

34 (13.4)

In a relationship (including married)

180 (71.1)

Divorced or separated

39 (15.4)

Children, n (%)
Yes

200 (79.1)

No

53 (20.9)

Social support, n (%)
None

9 (3.6)

Low

67 (26.5)

Sufficient

81 (32)

High

73 (28.9)

Very high

23 (9.1)

Internet affinity (IASb)
Mean (SD)

9.33 (4)

Median (range)

8.5 (5-25)

Missing, n (%)

1 (0.4)

HAM-D

c

Mean (SD)

10.3 (5.93)

Median (range)

9 (0-30)

Missing, n (%)

1 (0.4)

d

PHQ-9

Mean (SD)

9.94 (4.41)

Median (range)

10.0 (1-24)

Missing, n (%)

3 (1.2)
e

Pain disability (ODI )
Mean (SD)

31.3 (14.7)

Median (range)

30.0 (0-72)

Missing, n (%)

1 (0.4)

Pain self-efficacy (PSEQf)
Mean (SD)
https://www.jmir.org/2022/8/e38261

XSL• FO
RenderX

34.9 (13)
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38261 | p.926
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Variable

Moshe et al
Valuea

Median (range)

36 (0-59)

Missing, n (%)

1 (0.4)

Dropout, n (%)

a

No

139 (54.9)

Yes

114 (45.1)

Values are based on observed data.

b

IAS: Internet Affinity Scale.

c

HAM-D: Hamilton Depression Rating Scale.

d

PHQ-9: Patient Health Questionnaire-9.

e

ODI: Oswestry Disability Index.

f

PSEQ: Pain Self-Efficacy Questionnaire.

Table 2. Intervention usage data.
Variable

Value

Modules completed, mean (SD)

4.65 (3.48)

Participants completing modules, n (%)
Module 1

188 (74.31)

Module 2

174 (68.77)

Module 3

159 (62.85)

Module 4

148 (58.5)

Module 5

136 (53.75)

Module 6

128 (50.59)

Module 7

109 (43.08)

Module 8

71 (28.06)

Module 9

61 (24.11)

Days to module completion, mean (SD)

17.64 (19.55)

Time spent on the web completing module (minutes), mean (SD)

80.26 (136.96)

Burden, mean (SD)

4.55 (1.97)

Negative events, mean (SD)

0.81 (1.33)

Dropout, n (%)

114 (45.1)

Predicting Dropout Using Participant Baseline
Characteristics
Table 3 displays the performance of the models used to predict
dropout based on the participant baseline characteristics. As the
Patient Health Questionnaire-9 and PSEQ scores were highly
correlated with HAM-D and ODI (r=0.63 and r=−0.73,
respectively) and were not significant in the bivariate analyses,
they were not included in the multivariate predictor models to
prevent collinearity. The results of the bivariate analysis
indicated that a lower level of education was significantly
associated with a higher risk of dropout (OR 2.43, 95% CI
1.19-4.97; P=.01, whereas higher age predicted a lower risk of
dropout (OR 0.97, 95% CI 0.94-0.99; P=.02). None of the other
potential predictors (sex, social support, internet affinity,
baseline depression severity, and baseline pain intensity) were
statistically significant at the level of P<.05 in the bivariate
analysis.
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In the complete model, being single was found to be an
additional significant predictor of dropout (OR 2.54, 95% CI
1.09-5.90; P=.03). When age was added as a quadratic term
(age2) to the model to account for the nonlinear relationship
between age and dropout, we found that both age (OR 0.63,
95% CI 0.47-0.84; P<.001) and age2 (OR 1.55, 95% CI 1.17 to
–2.05; P<.001) were significant predictors, such that both lower
and higher age were associated with increased risk of dropout.
In the parsimonious model, where predictors were reduced
stepwise to relevant predictors only, low education (OR 3.33,
95% CI 1.51-7.32; P<.001) and age (OR 0.62, 95% CI
0.47-0.82; P<.001 and age2: OR 1.55, 95% CI 1.18-2.04;
P<.001) remained significant predictors of dropout. Marital
status, internet affinity, baseline depression severity, and
baseline pain intensity were found to be nonsignificant after
controlling for the other predictors.
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38261 | p.927
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Moshe et al

Table 3. Predictors of dropout from participant baseline characteristics.
Predictors

Bivariate modela

Complete modela

Parsimonious modela

ORb (95% CI)

P value

OR (95% CI)

P value

OR (95% CI)

P value

Age

0.97 (0.94-0.99)

.02

0.63 (0.47-0.84)

<.001

0.62 (0.47-0.82)

<.001

Age2

N/Ac

N/A

1.55 (1.17-2.05)

<.001

1.55 (1.18-2.04)

<.001

Sex (male)

1.60 (0.96-2.66)

.07

1.68 (0.96-2.94)

.07

N/A

N/A

1.97 (0.93-4.20)

.08

2.54 (1.09-5.90)

.03

N/A

N/A

Divorced or widowed vs in a relationship 0.54 (0.26-1.14)

.11

0.62 (0.27-1.42)

.25

N/A

N/A

Marital status
Single vs in a relationship

Education
Low vs medium

2.43 (1.19-4.97)

.01

3.77 (1.68-8.49)

<.001

3.33 (1.51-7.32)

<.001

High vs medium

1.88 (0.75-4.71)

.18

2.08 (0.74-5.83)

.16

2.08 (0.78-5.57)

.15

Low vs high

0.83 (0.45-1.53)

.55

0.83 (0.41-1.69)

.60

N/A

N/A

Social support

Medium vs high

1.60 (0.88-2.90)

.13

1.64 (0.86-3.14)

.13

N/A

N/A

d

1.02 (0.96-1.09)

.53

1.02 (0.95-1.10)

.58

N/A

N/A

HAM-De

0.99 (0.95-1.03)

.67

0.98 (0.93-1.03)

.36

N/A

N/A

Pain disability

1.00 (0.98-1.02)

.85

1.00 (0.97-1.02)

.69

N/A

N/A

Pain self-efficacy (PSEQf)

1.00 (0.98-1.02)

.92

N/A

N/A

N/A

N/A

PHQ-9g

0.97 (0.91-1.02)

.24

N/A

N/A

N/A

N/A

IAS

a

Models based on imputed data.

b

OR: odds ratio.

c

N/A: Not applicable.

d

IAS: Internet Affinity Scale.

e

HAM-D: Hamilton Depression Rating Scale.

f

PSEQ: Pain Self-Efficacy Questionnaire.

g

PHQ-9: Patient Health Questionnaire-9.

Predicting Dropout Early on in the Intervention
Tables 4-6 provide a comparison of the models used to predict
dropout following the completion of the first module. In the
parsimonious model using only participant baseline
characteristics, higher and lower age (OR 0.57, 95% CI
0.41-0.79; P=.001 and age2: OR 1.68, 95% CI 1.22-2.31;
P=.001) and low education (OR 2.98, 95% CI 1.04-8.56; P=.04)
were significant predictors of dropout. The AUROC for the
model was 0.70, the sensitivity was 68%, and the specificity
was 62%.
In the parsimonious model using only intervention usage data,
a higher number of days to module completion predicted a
higher risk of dropout (OR 1.04, 95% CI 1.01-1.07; P=.005),
whereas a self-reported negative event in the previous week
was associated with a lower risk of dropout (OR 0.30, 95% CI
0.11-0.81; P=.02). The AUROC for the model was 0.61, the
sensitivity was 56%, and the specificity was 54%.

https://www.jmir.org/2022/8/e38261

XSL• FO
RenderX

In the parsimonious model that combined participant baseline
characteristics and intervention usage variables as predictors,
higher and lower age (OR 0.60, 95% CI 0.42-0.85; P=.004 and
age2: OR 1.59, 95% CI 1.13-2.23; P=.008), medium versus high
social support (OR 3.03, 95% CI 1.25-7.33; P=.02), and a higher
number of days to module completion (OR 1.05, 95% CI
1.02-1.08; P=.002) all predicted a higher risk of dropout,
whereas a self-reported negative event in the previous week
was associated with a lower risk of dropout (OR 0.24, 95% CI
0.08-0.69; P=.008). The AUROC for the model was 0.72, the
sensitivity was 76%, and the specificity was 59%.
As shown in Table 7, a comparison of the parsimonious models
based on participant baseline characteristics and intervention
usage variables revealed that the model that combined baseline
and intervention usage variables was the most accurate in
predicting dropout (AIC=198.9; BIC=253.9) and significantly
more accurate than the model using participant baseline
characteristics only (AIC=212.6; BIC=254.7; χ²181=5.3; P=.006).
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Table 4. Predictors of dropout following module 1 completion—participant baseline characteristics.
Predictors

Bivariate modela

Complete modela

Parsimonious modela

ORb (95% CI)

P value

OR (95% CI)

P value

OR (95% CI)

P value

Age

0.96 (0.92-1.00)

.048

0.61 (0.43-0.87)

.006

0.57 (0.41-0.79)

.001

Age2

0.97 (0.93-1.01)

.12

1.58 (1.12-2.24)

.01

1.68 (1.22-2.31)

.001

Sex (male)

1.45 (0.75-2.82)

.27

1.37 (0.65-2.92)

.41

N/Ac

N/A

1.79 (0.68-4.72)

.24

2.06 (0.67-6.27)

.20

N/A

N/A

Divorced or widowed vs in a relationship 0.75 (0.30-1.90)

.55

1.01 (0.35-2.93)

.99

N/A

N/A

Marital status
Single vs in a relationship

Education
Low vs medium

2.17 (0.83-5.68)

.11

3.60 (1.19-10.88)

.02

2.98 (1.04-8.56)

.04

High vs medium

2.03 (0.61-6.75)

.25

1.77 (0.46-6.80)

.40

2.18 (0.60-7.85)

.23

Low vs high

0.84 (0.34-2.07)

.69

0.80 (0.29-2.22)

.66

N/A

N/A

Medium vs high

2.65 (1.22-5.80)

.01

2.32 (1.00-5.38)

.05

N/A

N/A

IASd

1.02 (0.94-1.11)

.59

1.02 (0.92-1.13)

.72

N/A

N/A

HAM-De

0.99 (0.94-1.05)

.79

1.00 (0.94-1.07)

.98

N/A

N/A

Pain disability

0.99 (0.97-1.01)

.38

0.98 (0.95-1.01)

.28

N/A

N/A

Pain self-efficacy (PSEQf)

1.00 (0.97-1.02)

.97

N/A

N/A

N/A

N/A

PHQ-9g

0.97 (0.90-1.04)

.41

N/A

N/A

N/A

N/A

Social support

a

Models based on imputed data.

b

OR: odds ratio.

c

N/A: not applicable.

d

IAS: Internet Affinity Scale.

e

HAM-D: Hamilton Depression Rating Scale.

f

PSEQ: Pain Self-Efficacy Questionnaire.

g

PHQ-9: Patient Health Questionnaire-9.

Table 5. Predictors of dropout following module 1 completion—intervention usage variables.
Predictors

Complete modela

Parsimonious modela

ORb (95% CI)

P value

OR (95% CI)

P value

OR (95% CI)

P value

Number of days to module 1 completion

1.04 (1.01-1.06)

.007

1.04 (1.01-1.07)

.005

1.04 (1.01-1.07)

.005

Negative events

0.34 (0.13-0.87)

.03

0.30 (0.11-0.81)

.02

0.30 (0.11-0.81)

.02

Burden

a

Bivariate modela

c

0.98 (0.84-1.15)

.83

1.01 (0.85-1.19)

.91

N/A

N/A

Time spent on the web completing module 1 1.00 (0.99-1.01)

.81

1.00 (0.99-1.01)

.94

N/A

N/A

Models based on imputed data.

b

OR: odds ratio.

c

N/A: not applicable.
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Table 6. Predictors of dropout following module 1 completion—baseline and intervention usage variables.
Predictors

Complete modela

Parsimonious modela

ORb (95% CI)

P value

OR (95% CI)

P value

Age

0.54 (0.36-0.80)

.003

0.60 (0.42-0.85)

.004

Age2

1.76 (1.19-2.61)

.005

1.59 (1.13-2.23)

.008

Sex (male)

1.53 (0.65-3.59)

.33

N/Ac

N/A

Single vs in a relationship

1.88 (0.56-6.34)

.31

N/A

N/A

Divorced or widowed vs in a relationship

1.21 (0.38-3.78)

.75

N/A

N/A

Low vs medium

3.21 (0.91-11.33)

.07

N/A

N/A

High vs medium

1.17 (0.26-5.23)

.84

N/A

N/A

Low vs high

0.83 (0.27-2.56)

.75

0.92 (0.34-2.51)

.88

Medium vs high

3.40 (1.33-8.64)

.01

3.03 (1.25-7.33)

.02

IASd

0.99 (0.88-1.11)

.84

N/A

N/A

HAM-De

0.99 (0.92-1.06)

.78

N/A

N/A

Pain disability

0.97 (0.94-1.00)

.08

N/A

N/A

Number of days to module 1 completion

1.05 (1.02-1.08)

.004

1.05 (1.02-1.08)

.002

Negative events

0.22 (0.07-0.68)

.009

0.24 (0.08-0.69)

.008

Burden

0.96 (0.80-1.17)

.71

N/A

N/A

Time spent on the web completing module 1

1.01 (0.99-1.02)

.28

N/A

N/A

Marital status

Education

Social support

a

Models based on imputed data.

b

OR: odds ratio.

c

N/A: not applicable.

d

IAS: Internet Affinity Scale.

e

HAM-D: Hamilton Depression Rating Scale.

Table 7. Predictors of dropout following completion of module 1: model comparison (models based on imputed data).

a

Model

AICa

BICb

AUROCc

Sensitivity (%)

Specificity (%)

Model 1: baseline variables

212.6

254.7

0.70

68

62

Model 2: intervention variables

207.5

223.7

0.61

56

54

Model 3: baseline+intervention variables

198.9

253.9

0.72

76

59

AIC: Akaike information criterion.

b

BIC: Bayesian information criterion.

c

AUROC: area under the receiver operating characteristic curve.

Sensitivity Analyses
Sensitivity analyses assessing whether findings differed between
the treatment (WARD-BP) and prevention (PROD-BP) studies
found no significant difference between the two, either in terms
of main effect or interaction effects with other predictors.
Sensitivity analyses assessing whether findings differed when
using Cox proportional hazards regression versus logistic
regression found no difference in the significant predictors.
Multimedia Appendix 1 presents the results from the Cox
https://www.jmir.org/2022/8/e38261
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regression analyses. Sensitivity analyses assessing whether the
results differed between the models using observed data and
those using imputed data revealed no difference in the predictors
found to be significant. Results from the models using observed
data are presented in Multimedia Appendix 2.
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Discussion
Principal Findings
This study aimed to identify the predictors of treatment dropout
in a digital intervention for the treatment and prevention of
depression in patients with comorbid CBP. From the
participants’ baseline characteristics, we found that a lower
education level and lower and higher age (a quadratic effect)
predicted a higher risk of dropout. From the intervention usage
variables, we found that a higher number of days to module
completion predicted a higher risk of dropout, whereas the
occurrence of a negative event in the previous week predicted
a lower risk of dropout.
Participants with lower education levels were more likely to
drop out of treatment, which is consistent with a large body of
research on adherence to both digital interventions and
face-to-face psychotherapy [33,51,65-67]. This may reflect the
fact that these individuals find it harder to comprehend the
intervention material or the digital format, and thus, they lose
the motivation to continue [30,51]. It is worth noting that 67.5%
(171/253) of the participants in this study were classified as
having low levels of education. Lower levels of education have
also been associated with longer duration or higher occurrence
of back pain [68], underscoring the need for additional research
on digital interventions for this particular patient group. The
finding that both younger and older age predicted higher risk
of dropout suggests that the relationship between age and
dropout may be more complex than has been previously
identified, either owing to the nonlinear relationship between
the two or a possible interaction between age and other factors
such as computer literacy [33,69]. More pertinently, it points
to the challenges of predicting which individuals are likely to
drop out of a digital intervention based on baseline
characteristics alone [70]. Finally, the finding that neither pain
disability nor depression severity levels were associated with
an increased risk of dropout is important as it suggests that
digital interventions targeting comorbid depression are
acceptable for patients with varying levels of pain intensity and
depression symptom severity. This is further supported by the
fact that we found no significant difference in predictors when
the intervention was aimed at prevention and when it was aimed
at treatment. Taken together, these findings provide promising
evidence that digital interventions may provide a scalable
approach for integrating psychological treatment within pain
management routines in health care settings.
This study also demonstrated the feasibility of predicting
dropout early on in the intervention based on data restricted to
the first module and participant baseline characteristics. Our
finding that the number of days taken to complete the first
module significantly predicted dropout is consistent with the
study by Bremer et al [46] that identified the average number
of days taken to complete each module as one of the strongest
predictors of dropout in a digital intervention for insomnia. This
may reflect a number of underlying causes, including challenges
interacting with the intervention, low motivation, lack of time,
or low perceived value [40]. The finding that a self-reported
negative event in the previous week predicted a lower risk of
https://www.jmir.org/2022/8/e38261
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dropout may be because of the fact that experiencing a negative
event (or being asked to report on one) provided greater intrinsic
motivation to complete the module and is consistent with
research demonstrating that some people drop out from an
intervention because they no longer feel they need it [30,31,40].
However, it is worth highlighting that the CIs for the predictor
were wide, so the results should be interpreted with caution and
examined in future studies using larger sample sizes to determine
whether the findings replicate. Notwithstanding, this is the first
study to identify that a simple 1-item self-report questionnaire
may be used to aid the prediction of dropout during a digital
intervention, thus highlighting the potential of incorporating
such assessments within digital interventions in the future.
Interestingly, the relationship between participant education
level and dropout was no longer significant in the models that
combined baseline characteristics and intervention usage
variables (Table 6). This suggests that a patient’s education
level may be less important at predicting dropout when including
variables that reflect how the patient interacts with the
intervention, such as how long it takes them to complete a
specific module.
Indeed, a comparison of models using baseline characteristics
and intervention usage variables revealed that a model that
combined baseline characteristics and intervention usage data
generated the most accurate predictions and was significantly
more accurate than models based on baseline characteristics
only or intervention usage data only. Moreover, in terms of
clinical utility, the AUROC of 0.72 and sensitivity of 76%
exceeded the accuracy threshold of 65%-70%, at which
clinicians reportedly become willing to act on predictions [71].
Implemented within an intervention, dropout risk models such
as this could be used to alert supporting clinicians and health
care workers when an individual is at high risk of dropout, so
that they are able to intervene early and ideally prevent it.
Notwithstanding the above, there is still significant room for
improving model performance. In particular, the development
of models that are able to predict dropout before completion of
the first module would be especially valuable as a significant
proportion of individuals drop out before then [65,69].
Developing more accurate models will require intervention
developers to capture more granular data related to engagement
with the intervention, for example, the number and timing of
log-ins, interaction with specific components of the modules
(eg, homework; [72]), data specifically related to the
intervention target (eg, sleep data for an insomnia intervention;
[46]), and additional self-report data such as early measures of
therapeutic alliance with the coach [40,73]. Armed with
comprehensive intervention usage data such as this, researchers
will be better positioned to engineer both handcrafted
(theory-driven) and automated features and assess their impact
on predictive accuracy. Exploring the role of nonlinear machine
learning models in improving model performance is also an
area that holds potential, as has been demonstrated in several
studies comparing the classification performance of machine
learning algorithms with logistic regression in the prediction of
dropout [45,46].
Finally, as the findings of this study were specific to one
intervention, future research would also benefit from assessing
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whether the predictors found herein are valuable for predicting
dropout in other digital interventions, alternative disorders, and
different populations. If it is consistently found that there are a
set of variables such as “number of days to module completion”
that are associated with higher risk of dropout, these predictors
may then be used to inform the basis of models for other
interventions in the future. In the same way that outcome
feedback technology that identifies individuals at risk of
deterioration during treatment has been shown to improve
eventual treatment outcomes [43,44], dropout warning systems
could be used to alert the supporting clinician, guide care
pathways (eg, in stepped-care models), or personalize the
intervention itself in the case of self-help interventions. Given
the high dropout rates found in real-world settings [16], this
will become increasingly important as interventions are
implemented within public and private health care systems to
meet the growing demand for psychotherapy [47].

Strengths and Limitations
To the best of our knowledge, this is the first study to examine
the predictors of dropout in a digital intervention for depression
in individuals with a comorbid somatic illness. This is also the
first study to compare whether predictors of dropout differ when
the intervention is aimed at prevention (in a subclinical
population) versus treatment (in a clinically diagnosed
population) and using study samples with clinically verified
diagnoses at baseline. Finally, in contrast to most studies
conducted to date, which have been based on efficacy trials with
small sample sizes and convenient samples [33], this analysis
was based on data from 2 large-scale effectiveness trials. These
trials were conducted within routine health care settings, where
dropout rates are typically significantly higher [16], thereby
providing high ecological validity.
Despite these strengths, we acknowledge several limitations of
this study. First, the analyses were based on data specific to a
prevention and treatment version of one intervention and one
population, namely, individuals with depressive symptoms and
CBP. As such, the predictors we found to be significant and the
subsequent accuracy of the classification models may not
generalize to other interventions or other populations. For
example, dropout has been found to be significantly greater in
unguided interventions than in guided interventions, and the
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mechanisms underlying dropout may differ between the two
[33,51]. Future research would, therefore, benefit from assessing
whether the predictors found to be significant in this study
generalize to other interventions, populations, and settings.
Second, as this was an exploratory study, we did not just adjust
for multiple testing as alpha adjustment may have increased the
likelihood of type II errors. Future research aimed at replicating
the current findings in studies that are sufficiently powered for
a confirmatory analysis would be valuable. Third, we had only
a limited set of data from the intervention available for analysis.
Several studies have demonstrated that a number of other
variables derived from intervention usage are valuable in the
prediction of both adherence and outcomes, including in-depth
measures of engagement such as the frequency of log-ins [45]
and interactions with specific content formats [72]. Accordingly,
there may be other variables with further explanatory power
that were not included in our models. The same applies to
baseline characteristics, where studies have shown that data
obtained from electronic medical records may be used to identify
those at risk of dropout during face-to-face therapy [74,75].
Finally, although dropout in this study was operationalized
according to the usage intended by the clinicians who developed
the intervention [76], it is important to highlight that it is not
always necessary for patients to complete the full per-protocol
treatment to benefit clinically [30]. In other words, dropout is
not always representative of a negative experience [31,40].

Conclusions
The high dropout rates associated with digital health
interventions remain one of the biggest challenges to their
successful implementation in real-world health care settings.
Being able to identify individuals at high risk of dropout early
on in treatment may provide clinicians and intervention
developers with a valuable opportunity to intervene early and
prevent dropout from occurring. Using a combined set of
predictors from patient baseline characteristics and intervention
usage data, we were able to identify individuals at risk of
dropout early on in a digital intervention for depression in
patients with comorbid CBP. Future research should explore
ways of improving model accuracy and investigate the feasibility
and efficacy of using these models directly within the
interventions themselves to improve adherence.
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Abstract
Background: Sickle cell disease (SCD) is characterized by severe acute pain episodes as well as risk for chronic pain. Digital
delivery of SCD pain self-management support may enhance pain self-management skills and accessibility for youth. However,
little is known about how youth with SCD and their caregivers engage with digital health programs. iCanCope with pain is a
digital pain self-management platform adapted for youth with SCD and caregivers through a user-centered design approach. The
program was delivered via a website (separate versions for youth and caregiver) and mobile app (youth only).
Objective: We aimed to characterize patterns of user engagement with the iCanCope with SCD program among youth with
SCD and their caregivers.
Methods: A randomized controlled trial was completed across multiple North American SCD clinics. Eligible youth were aged
12-18 years, diagnosed with SCD, English-speaking, and experiencing moderate-to-severe pain interference. Eligible caregivers
were English-speaking with a child enrolled in the study. Dyads were randomized to receive the iCanCope intervention or
attention-control education for 8-12 weeks. This report focused on engagement among dyads who received the intervention.
User-level analytics were captured. Individual interviews were conducted with 20% of dyads. Descriptive statistics characterized
quantitative engagement. Content analysis summarized qualitative interview data. Exploratory analysis tested the hypothesis that
caregiver engagement would be positively associated with child engagement.
Results: The cohort included primarily female (60% [34/57] of youth; 91% [49/56] of caregivers) and Black (>90% of youth
[53/57] and caregivers [50/56]) participants. Among 56 dyads given program access, differential usage patterns were observed:
both the youth and caregiver engaged (16/56, 29%), only the youth engaged (24/56, 43%), only the caregiver engaged (1/56,
2%), and neither individual engaged (16/56, 29%). While most youth engaged with the program (40/57, 70%), most caregivers
did not (39/56, 70%). Youth were more likely to engage with the app than the website (85% [34/57] versus 68% [23/57]), and
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the most popular content categories were goal setting, program introduction, and symptom history. Among caregivers, program
introduction, behavioral plans, and goal setting were the most popular content areas. As hypothesized, there was a moderate
positive association between caregiver and child engagement (χ21=6.6; P=.01; ϕ=0.34). Interviews revealed that most dyads
would continue to use the program (11/12, 92%) and recommend it to others (10/12, 83%). The reasons for app versus website
preference among youth were ease of use, acceptable time commitment, and interactivity. Barriers to caregiver engagement
included high time burden and limited perceived relevance of content.
Conclusions: This is one of the first studies to apply digital health analytics to characterize patterns of engagement with SCD
self-management among youth and caregivers. The findings will be used to optimize the iCanCope with SCD program prior to
release.
Trial Registration: ClinicalTrials.gov NCT03201874; https://clinicaltrials.gov/ct2/show/NCT03201874
(J Med Internet Res 2022;24(8):e40096) doi:10.2196/40096
KEYWORDS
engagement; adolescents; caregivers; sickle cell; pain; mHealth; self-management; digital health analytics; mixed methods; youth;
management; disease; acute pain; chronic pain; coping; North America; intervention; child; digital health; program

Introduction
Sickle cell disease (SCD) is the most common genetic blood
condition in North America and primarily affects people of
African descent [1]. The hallmark feature of SCD is recurrent
episodes of acute severe pain due to vaso-occlusive crisis [2].
Vaso-occlusive crisis occurs when sickled red blood cells block
blood flow, resulting in tissues becoming deprived of oxygen
and causing pain. SCD pain is reportedly worse than
postoperative pain and as intense as terminal cancer pain, and
it can negatively impact all aspects of health-related quality of
life [3-5]. Youth tend to experience increased SCD pain burden
as they age into adolescence and young adulthood, with
increased health care utilization [4-7]. In addition to acute pain
from vaso-occlusive crisis, many youth with SCD also
experience daily chronic pain [8,9]. The negative consequences
of acute and chronic SCD pain can include depression and
anxiety, academic underachievement related to missing school,
limited opportunities for social interaction with peers, impaired
physical activity, poor sleep, and high stress [9]. The vast
majority of SCD pain episodes are treated in the home setting
[10]. Unfortunately, many of these episodes may not be
optimally managed with pharmacological approaches alone
[11-13].
Self-management has been defined as “the individual’s ability
to manage the symptoms, treatment, physical and psychological
consequences, and lifestyle changes inherent to living with a
chronic illness” [14]. The most successful self-management
interventions are rooted in the principles of cognitive behavioral
therapy [15-18]. Cognitive behavioral therapy involves
normalization of the patient’s experience through education,
training in strategies for managing disease-related symptoms
and other stressors, enhancing self-efficacy, and guidance on
developing and maintaining a long-term self-management plan.
Gaining skills in monitoring and managing SCD symptoms
independently is particularly critical to achieve early in the
disease trajectory, as many youth experience worsened pain and
disability in adulthood [19].
Barriers to implementing cognitive behavioral therapy in SCD
populations include the challenge of delivering pain
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self-management interventions in traditional office-based visits,
costly resources required to provide such support, and
maintaining patient engagement [12,20]. Ubiquitous consumer
technologies (eg, smartphones) offer opportunities to enhance
the accessibility and interactivity of self-management support
for youth with SCD [21,22].
iCanCope with pain is a digital pain self-management platform
originally developed for youth with chronic pain [23-25]. The
platform was adapted for youth with SCD through a
user-centered design approach, including a qualitative needs
assessment and design sessions [12,26]. The iCanCope with
SCD program is currently undergoing efficacy evaluation
through a multi-centered randomized clinical trial
(NCT03201874) [26]. In the present report, we explore
engagement with the digital intervention during the course of
this trial.
Little is known about how youth with SCD and their caregivers
engage with digital health interventions, and research to date
has focused mostly on internet-delivered programs [27]. A
scoping review focusing on user engagement with mobile health
apps did not identify any studies specific to SCD [28].
Moreover, there is little standardization of engagement metrics
due to the heterogeneity of available digital health programs.
To add to this body of knowledge, our goal was to operationally
define user engagement (tied to program content) with the
iCanCope with SCD pain self-management program, to
characterize patterns of user engagement among youth with
SCD and their caregivers, and to identify individual youth and
caregiver perspectives about the digital intervention. Lastly, in
an exploratory fashion, we tested the a priori hypothesis that
caregiver engagement would be positively associated with child
engagement.

Methods
Study Design
A 2-arm randomized trial design was used. Dyads were
randomized to 1 of 2 possible study conditions: (1) iCanCope
with SCD intervention or (2) attention-control education. Details
on the trial methodology are available in an open-access protocol
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paper [26], and the trial has been registered on ClinicalTrials.gov
(NCT03201874). This paper will focus on program engagement
data from dyads who received the intervention condition.
Comparative efficacy results from the broader trial will be
reported separately in a future paper.

Ethics Approval
The study was approved by the locally responsible institutional
ethics boards (Seattle Children’s Institutional Review Board,
STUDY00001578; Emory University Institutional Review
Board, 00092216; Connecticut Children’s Institutional Review
Board, 17-115-CCMC; and The Hospital for Sick Children
Research Ethics Board, 1000053724).

Participants
The main recruitment sites were Connecticut Children’s Medical
Center, Children’s Healthcare of Atlanta/Emory University,
Seattle Children’s Hospital, and The Hospital for Sick Children
in Toronto. In addition, study referrals were accepted from
University of Mississippi Medical Center, Boston Medical
Center, and Northwestern University/Lurie Children’s Hospital.
The study was centrally managed at Seattle Children’s Research
Institute.
Youth were eligible if they (1) were aged between 12 and 18
years, (2) were diagnosed with any SCD genotype, (3) were
able to speak and read English, (4) scored at least 4 (indicating
moderate-to-severe pain interference over the past month) on
the Sickle Cell Pain Burden Interview [6], and (5) were willing
and able to complete online measures. Youth were excluded if
they had significant cognitive limitations that would impair
their ability to use and understand the iCanCope program, as
per their health care provider or caregiver. Youth were also
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excluded if they had received more than 4 sessions of outpatient
psychological therapy for pain management in the 6 months
prior to the time of screening.
Caregivers were eligible if (1) they were able to speak and read
English, (2) they were willing and able to complete online
measures, and (3) their child was a study participant. Youth
were permitted to enroll in the study even if their caregiver
chose not to participate.

Procedure
Dyads assigned to the intervention condition were given
user-authenticated access to the iCanCope with SCD program
for a period of 8-12 weeks. The program content, based on the
principles of cognitive behavioral therapy, was delivered via a
modular website and complementary smartphone app as
summarized in Tables 1 and 2. Standardized orientation
materials were used to guide participants on how to login and
independently use the program. Separate websites with unique
content were provided for youth and caregiver participants,
while a smartphone app (iOS/Android) was provided for youth
participants only. Website navigation can be found in Figures
S1 and S2 in Multimedia Appendix 1. The youth and caregiver
websites were each organized into 6 core modules in addition
to 2 optional youth modules on insomnia and negative mood.
Features of the smartphone app included a daily symptom
tracker (ie, pain intensity, pain impact, mood, and sleep quality),
a calendar to view historical symptom data, goal setting in
relevant domains (eg, sleep and mood), a library of SCD
education and pain coping strategies, and a community forum
to interact with other users (Figure S3 in Multimedia Appendix
1).
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Table 1. iCanCope with sickle cell disease program content and delivery for youth.
iCanCope with SCDa program

Content delivery

Content category

Example content

Website

App

Introduction to the program

General information about the iCanCope with SCD program and what to expect

Yes

Yes

About pain management

3Ps of pain management (psychological, physical, and pharmacological strategies)

Yes

Yes

About SCD and treatment

Genetics, potential impact of SCD on daily life, and treatment options

Yes

Yes

Goal setting

Guidance on how to formulate specific, measurable, achievable, relevant, and time- Yes
bound goals; a feature within the smartphone app where users could set and track
personalized goals to improve activity, mood, and sleep

Yes

Symptom tracking

A feature within the smartphone app where users could report daily pain intensity,
pain impact, mood, and sleep quality and view their symptom trends

N/Ab

Yes

History

A feature within the smartphone app where users could view previously reported
symptoms

N/A

Yes

Community support

A forum feature within the smartphone app where users could post responses to
community questions and “favorite” the posts of other app users

N/A

Yes

Stress, relaxation, and negative
emotions

Reducing negative thoughts, thought stopping, deep breathing exercises, muscle re- Yes
laxation, imagery, scheduling pleasant activities, and finding the positives

Yes

Sleep and insomnia

Pain and sleep, healthy sleep habits, ways to fall and stay asleep, and how to think
differently about sleep

Yes

Yes

Communication and self-advocacy

Communication skills, talking with the health care team, and talking with the school Yes

Yes

Healthy lifestyle and looking ahead Pacing, graded activity, hydration, considerations for the future, and transition to
adult health care
a

Yes

Yes

SCD: sickle cell disease.

b

N/A: not applicable.

Table 2. iCanCope with sickle cell disease program content and delivery for caregivers.
iCanCope with SCDa program

a

Content delivery

Content category

Example content

Website

App

Introduction to the program

What teens are learning in the program; specific, measurable, achievable, relevant,
and timebound goals to support teens

Yes

N/Ab

Behavioral plans

How to create behavioral plans to increase teen adaptive behaviors

Yes

N/A

Problem solving

Learn how to approach problems positively, identify problems effectively, and generate Yes
and implement solutions

N/A

Communication

Strategies to help communicate with teens, health care providers, and school staff

Yes

N/A

Wrap-up

Review of key concepts

Yes

N/A

SCD: sickle cell disease.

b

N/A: not applicable.

Outcome Measurement
Baseline Characteristics
At baseline, caregivers completed a background questionnaire
to capture sociodemographic data (eg, age, race, and ethnicity),
and both caregivers and youth completed information about
their technology access and usage. Youth were screened into
the study using the Sickle Cell Pain Burden Interview to assess
SCD pain burden in the past month. The Sickle Cell Pain Burden
Interview yielded a total score ranging from 0 (no pain burden)
to 28 (severe pain burden). Dyads additionally completed several
other clinical effectiveness outcomes detailed in an open-access
protocol paper [26].
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Primary Outcome
Quantitative
User-level analytics were captured for the app and website
components of the iCanCope with SCD program. App
engagement was characterized using APEEE (Analytics
Platform to Evaluate Effective Engagement) [29], while website
engagement data were captured using Google Analytics.
Qualitative
To gather perceptions of the treatment program from youth and
caregivers, individual semistructured interviews were conducted
with a convenience subset of dyads representing approximately
20% of the intervention group. All dyads were invited to
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complete an interview following their posttreatment assessment
and prior to their 6-month follow-up assessment. Recruitment
for the interview continued until 12 caregivers and youth
completed the interviews. Separate interviews were conducted
with youth and caregivers. The interview guide was designed
to capture perspectives on the experience of using the iCanCope
with SCD program, including likes, dislikes, value, and areas
for improvement. Interviews were 15-20 minutes in duration,
conducted over the telephone, and audio recorded for later
transcription.

Data Analysis
Quantitative data were analyzed using STATA version 15.1
(Stata Statistical Software). Descriptive statistics were used to
summarize background characteristics of the sample and
program engagement data. An engagement interaction with the
website was defined as a unique content page view. For the app,
the following engagement interactions were captured: symptom
check-in completed; goal created; library article viewed; and
interaction within the community forum. For the youth-specific
intervention, program content was distributed across the website
and app such that an individual user might access topic-specific
information (eg, “healthy sleep habits”) by viewing a website
page or reading an app library article. Given this overlap in
program content delivery, engagement data for youth
participants were also mapped by content category (Table 1).
To address our exploratory aim regarding the relationship
between parent engagement and child engagement, we
conducted a chi-square test (significance was set at α<.05) and
assessed the strength of the association using the phi correlation.
The phi correlation can range from 0 to 1 and was interpreted
as follows: no correlation or very weak correlation (0-0.19),
weak correlation (0.20-0.29), moderate correlation (0.30-0.49),
strong correlation (0.50-0.69), and very strong correlation
(0.70-1.00) [30].
Audio recordings from the qualitative interviews were
transcribed verbatim and analyzed by 2 team members (CL and
FN) using Dedoose Version 9.0.17 (SocioCultural Research
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Consultants, LLC). Simple content analysis, a dynamic process
that summarizes the informational content of data, was used
[31,32]. Specifically, data for all participants were coded and
organized into categories that reflected the emerging themes.
The raw data were revisited on a regular basis throughout the
analytic process to ensure that the codes were grounded in the
data. Any disagreements were resolved through consensus.
Participant recruitment spanned periods before and after onset
of the COVID-19 pandemic. For analysis purposes, March 2020
was used to differentiate between prepandemic and pandemic
recruitment periods in North America.

Results
Baseline Characteristics
Recruitment was carried out between January 1, 2018, and
September 30, 2021. A total of 57 youth and 56 caregivers (56
dyads and 1 youth-only participant) were randomized to the
iCanCope with SCD intervention condition and received
instructions on how to access the program. The sample included
dyads who enrolled in the study before (43/56, 75%) and after
(14/56, 25%) pandemic onset. Demographic characteristics of
the sample are provided in Tables 3 and 4.
Nearly all youth participants (55/57, 96%) were in middle school
or high school. Most youth (47/57, 82%) reported using a
smartphone multiple times per day. Caregiver participants
(n=56) reported their highest completed education level as high
school or less (11/56, 20%), vocational or trade school or some
college/university (15/56, 27%), college or university (18/56,
32%), or graduate degree or professional school (11/56, 20%).
Most dyad households (30/56, 54%) included 1 or 2 children
under 18 years of age (range of 1 to 6 children). With regard to
the total annual household income before taxes, participants
reported less than US $24,999 (11/56, 20%), US $25,000-49,999
(16/56, 29%), US $50,000-74,999 (9/56, 16%), US
$75,000-99,999 (9/56, 16%), and US $100,000 or more (5/56,
9%).
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Table 3. Characteristics of youth participants.
Characteristic

Youth value (N=57)

Age (years), mean (SD)

14.8 (2.0)

Sex, n (%)
Female

34 (60)

Male

23 (40)

Gender identitya, n (%)
Female

34 (60)

Male

23 (40)

Race, n (%)
American Indian

1 (2)

Black

53 (93)

Latino/Hispanic

1 (2)

Asian

2 (4)

Ethnicityb, n (%)
Hispanic

5 (9)

Non-Hispanic

46 (84)

Unknown

4 (7)

SCDc genotyped, n (%)

a

Hemoglobin SS

35 (66)

Hemoglobin SC

12 (23)

Hemoglobin S beta thal plus

3 (6)

Hemoglobin S beta thal zero

2 (4)

Unknown

1 (2)

SCD Pain Burden Interview score, mean (SD)

10.9 (5.8)

Currently taking hydroxyurea, n (%)

40 (70)

Receiving regular blood transfusions, n (%)

8 (14)

Response options were available for additional gender identities including transgender.

b

Missing for ethnicity (n=2).

c

SCD: sickle cell disease.

d

Missing for SCD genotype (n=4).
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Table 4. Characteristics of caregiver participants.
Characteristic

Caregiver value (N=56)

Relationship with the youth participanta, n (%)
Biological mother

49 (89)

Biological father

3 (5)

Brother

2 (4)

Step-mother

1 (2)

Marital statusb, n (%)
Common law or married

23 (44)

Separated or widowed

8 (15)

Single

21 (40)

Race, n (%)
Black

51 (90)

White

1 (2)

Otherc

2 (4)

Mixed

2 (4)

Ethnicityd, n (%)

a

Hispanic

3 (5)

Non-Hispanic

48 (87)

Unknown

4 (7)

Missing for relationship to youth participant (n=1).

b

Missing for marital status (n=4).

c

Reported races were Dominican and Greek.

d

Missing for ethnicity (n=1).

Quantitative Results
Dyad-Level Program Engagement
Of the 56 dyads who were given access to the iCanCope with
SCD program, differential usage patterns were found.
Engagement by both the youth and caregiver occurred for 29%
(16/56) of the dyads, whereas it was more likely for only youth
to engage in the program (24/56, 43%). In 1 dyad out of 56
(2%), only the caregiver engaged with the intervention, and
neither individual engaged for 29% (16/56) of dyads. The 1
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youth participant who joined the study without a corresponding
caregiver did not engage with the program.
Differential engagement of youth and caregivers with
components of the iCanCope with SCD intervention is
visualized in Figure 1. Content-specific engagement among
youth and caregivers is summarized in Figure 2 and Figure 3,
respectively. Among the content categories, the most popular
for youth were goal setting, introduction to the program, and
history. For caregivers, the most popular content categories
were introduction to the program, behavioral plans, and goal
setting.
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Figure 1. Engagement of youth and caregivers with components of the iCanCope with sickle cell disease (SCD) intervention.

Figure 2. Differential content engagement among youth who used the iCanCope with sickle cell disease program (N=40). SCD: sickle cell disease.
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Figure 3. Differential content engagement among caregivers who used the iCanCope with sickle cell disease program (N=17). SCD: sickle cell disease.

Exploratory Predictor of Treatment Engagement
As hypothesized, there was a moderate positive association
between caregiver engagement and child engagement with the
intervention (χ21=6.6; P=.01; ϕ=0.34).

Qualitative Results
Interview Participants
Individual interviews were completed with 12 dyads between
September 2019 and October 2021, representing participants
who completed the study either before (5/12, 42%) or after
(7/12, 58%) onset of the COVID-19 pandemic. Youth
interviewees ranged in age from 12 to 18 years, and most were
female (10/12, 83%). All interviewed caregivers were mothers.
The interview sample included dyads where both the youth and
caregiver engaged with the program (5/12, 42%), only the youth
engaged (6/12, 50%), and only the caregiver engaged (1/12,
8%). Among youth interviewees, 11 of 12 (92%) used either
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the website or app, 7 of 12 (58%) used the website, and 10 of
12 (83%) used the app. Among caregiver interviewees, 6 of 12
(50%) viewed the website content during the study period and
the remainder did not engage with the program.

Motivation for Program Use Among Youth
Nearly all youth interviewees (11/12, 92%) indicated that they
intended to continue using the iCanCope with SCD program in
the future. Moreover, youth who used the app were asked how
they would hypothetically rate it on the iOS or Android mobile
store between 0 and 5 stars. Among the 10 youth who used the
app, 6 (60%) gave a rating of 5 stars and 4 (40%) gave a rating
of 4 stars. As rationale for their ratings, 1 participant shared,
…I think this is the first app I’ve heard about sickle
cell and I think it’s really informative and I like it.
[Youth #126]
Cited motivating factors for wishing to use the program after
study completion are summarized in Figure 4.
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Figure 4. Motivation for continued use of the iCanCope with sickle cell disease program among youth interviewees.

Rationale for Program Recommendation Among
Caregivers
Most caregiver interviewees (10/12, 83%) indicated that they
would recommend the program to a friend or family member
living with SCD. One caregiver shared,
I have a host of family members that deal with sickle
cell, so I would also like to be able to visit the website
and provide them with different coping mechanisms
or different kind of information that I have found
useful. [Caregiver #337]
Acknowledging the ups and downs of SCD, another caregiver
stated,
…let me help you cope with this craziness that’s going
on in your life every day. [Caregiver #336]
Several caregivers noted that they would be more likely to
recommend the program to youth who are newly diagnosed
with SCD or have frequent pain crises. For instance, 1 caregiver
commented as follows:
…for someone that doesn’t have a lot of crises, that
wouldn’t be helpful...for someone that [has] a lot of
crises, this would be very helpful. [Caregiver #537]
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Similarly, a caregiver who characterized the program as a good
refresher made the following statement:
I like the way it’s laid out in terms of the content being
very layman terms. You know, there’s not a lot of –
you’re not overwhelmed with a lot of medical things
that people are saying ‘oh, well what’s this, and
what’s that, and what’s this?’. So, in terms of that
content, I think it’s fantastic. So, I would recommend
it. [Caregiver #119]

Exploring Reasons for Low Engagement
Among the 6 of 12 (50%) caregiver interviewees who did not
use the program during the study period, the reasons for low
engagement included a perceived lack of relevance to their
circumstances.
…I found that some of the questions on it, things they
would ask me - the exercises the [program] would
ask me to do was sort of not relevant to me…I felt like
it didn’t really apply to [my child] or to me.
[Caregiver #127]
This caregiver also noted that another reason for lack of
engagement was the large amount of content.
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…there’s so many sections within one unit itself. So,
when I thought I was almost done, I still had more to
do. I’m able to do only one section at a time or not
even able to finish the whole unit because of timing.
…when I get home, I’m exhausted. I’m a nurse and I
work in ICU so we’re very busy at work especially
with the COVID…I live really far from work, so I
leave home early, I get home really late, and it’s just
busy that’s all but nothing else.
Among caregivers who did not use the program themselves,
some noted that it was helpful for their children.
I think it made her more aware and more focused
and…process…how she can cope with it and mostly
like she’s not alone in this… that there are people out
there that care. I think it really helped. [Caregiver
#126]
Others noted that the program helped them understand how to
better support their children.
…it actually shed a lot of light into a couple of things
especially when it gets to her mood swings and why
she does certain things and also helping her manage
her pain. [Caregiver #112]
One youth interviewee who did not engage with the program
did not provide a specific reason why but did indicate interest
in using it after the study was complete.
…because I feel like it’s a good…way to…learn more
about it and I could learn and study more myself.
[Youth #520]

Differential Engagement With Program Components
As shown in Figure 1, youth who engaged with the program
were more likely to use the app (34/40, 85%) compared with
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the website (27/40, 68%). Reasons for this preference described
by interviewees included perceived ease of use and acceptable
time commitment.
I liked the app more because it was easier to use than
the website…the app was simple, and it only took a
couple of minutes. [Youth #537]
The interactivity of the app feature set was also cited as a reason
for use.
I like the app more than I like the website because of
the daily diaries and connecting to others…and there
[is] a library inside the app where you can read and
how you can set goals. [Youth #126]
This user continued with the following statement:
I think I have some downsides with the website
because the website you only have to read, but the
app – it’s fun.
While technical bugs were rare and minimally disruptive (eg,
broken external resource link within the youth website and
temporary app diary error), technical limitations of the website
caused frustration among some participants and may have
impacted engagement with that program component. For
instance, a caregiver who had low program engagement noted
the following:
…the website can’t save what you write, so every time
you come back it does get deleted. [Caregiver #537]

Promotion of Disease Self-management Behaviors
When asked about how they used the program in their
day-to-day life, youth interviewees described several concrete
ways that the program supported them to engage in SCD
self-management, as summarized in Figure 5.
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Figure 5. Examples of how the program facilitated disease self-management. SCD: sickle cell disease.

Influence of the Pandemic on Self-management
Youth who completed the study during the pandemic described
that the program helped to mitigate some disruptions to their
self-management routines.
I found the app very helpful because for me it can be
very hard especially because I’m in high school…now
that we’re online…I like do my work and…I just stay
in my room and I don’t do the stuff that I’m supposed
to do to ensure that I’m preventing crises. So, having
the app, especially the goal chapter, was very helpful
because I was able to put what goals I wanted. For
example, if I wanted to drink more water or I wanted
to get more sleep that week then I was able to do that.
That motivated me to want to achieve the goal. [Youth
#127]

Discussion
Principal Findings
This is one of the first studies to characterize patterns of
engagement with a web- and app-based pain self-management
program among youth with SCD and their caregivers. The data
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demonstrate that most youth with SCD engaged with the
program (40/57, 70%) while most caregivers did not (39/56,
70%). The youth program was delivered via a mobile app and
a website. Youth were more likely to engage with the app than
the website, and the most popular content categories were goal
setting, introduction to the program, and symptom history.
Among caregivers who engaged with the website, introduction
to the program, behavioral plans, and goal setting were the most
popular content areas. Exploratory analysis revealed a significant
moderate association between caregiver and youth engagement
with the intervention. The key insights from qualitative
interviews were as follows: (1) nearly all youth intended to
continue using the program; (2) caregivers would recommend
the program to others living with SCD who were newly
diagnosed or who frequently experienced pain crises; (3)
caregivers cited the large amount of content and low relevance
to their specific circumstance as reasons for low engagement;
(4) youth preferred the app over the website because of
perceived greater ease of use, acceptable time commitment, and
interactivity; and (5) use of the youth program helped to
facilitate SCD self-management behaviors such as goal setting,
applying strategies for pain management, symptom trend
monitoring, and learning through peer support.
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Comparison With Prior Work
There are several app- and web-based interventions designed
for children and youth with SCD [33-36] that focus on
enhancing SCD knowledge, medication adherence, quality of
life, transition to adult care, and pain management. However,
engagement or adherence metrics for these interventions were
reported in only a few studies. Among 4 recent studies [34-36]
that reported some engagement data, operational definitions
varied, making direct comparisons difficult. First, Palermo et
al reported high engagement with web-based management of
adolescent pain (WebMAP),
an
internet-delivered
cognitive-behavioral therapy intervention tailored for SCD [27].
Engagement was defined as participants completing at least one
module in the WebMAP program. They found that 14 of 15
(93%) participants met this threshold, which was higher than
the proportion of youth (40/57, 70%) who engaged with any
iCanCope content. Second, Phillips et al reported engagement
with an app-based program called Voice Crisis Alert V2 over
a 12-week intervention period [35]. They characterized
engagement based on the use of individual app components,
similar to the content categorization approach used in our study.
Among 60 dyads, symptom tracking and history were the most
popular features (used by 90% of dyads), while a clinician
messaging feature was least popular (total of 5 message threads
generated during the study). In our study, we similarly found
that symptom tracking and history were among the most popular
content areas. Third, Saulsberry et al offered the Sickle Cell
Transition E-Learning Program to 183 youth, of whom, 53
(29%) completed at least one of the 6 available modules [36].
In our study, a higher proportion of youth (70%) who were
offered the iCanCope program engaged with the content. Fourth,
Leonard et al reported engagement with a medication adherence
app as percentage of days that each participant logged
medication administration [34]. In a pilot sample of 11 patients,
average engagement was 80%. Our study found a wide range
of youth engagement with various program components, with
the most popular feature being goal setting (35/40, 88%) and
the least popular being education about SCD and treatment
(6/40, 15%).
The iCanCope program has also been assessed in youth with
juvenile idiopathic arthritis and chronic pain [24,25]. Usage
levels were similar in the SCD population, although engagement
was higher with the symptom history function in the juvenile
idiopathic arthritis population [25] at 80% versus 60% among
SCD users. A systematic review focusing on engagement and
adherence to mHealth interventions in children and youth in
clinical and nonclinical populations reported average adherence
of 78% [37].
Several contextual factors may explain the differences in
engagement patterns seen across studies in the SCD population,
among users of other iterations of the iCanCope program, and
generally among the pediatric population. These factors include
differences in the intervention scope (eg, pain management
versus transition readiness), distinct definitions of engagement,
different study designs and clinical populations, and technology
variation (eg, wearable technology vs app based) [38]. The
literature suggests that treatment adherence among youth with
SCD may be impacted by forgetfulness, side effects of
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pharmacological interventions (eg, nausea, heart racing, and
taste aversion), questioning efficacy of treatment, and a desire
to be “normal,” and some of these factors may similarly impact
adherence to digital health interventions [39]. Previous literature
also suggests that sociodemographic factors can impact
engagement with digital interventions, highlighting lower rates
of engagement among racial or ethnic minorities, and those with
low socioeconomic status [40-42].
There is limited research on caregiver engagement with digital
health interventions for SCD. Many interventions designed for
youth do not have a caregiver component. However, 3 recent
digital health studies have reported parent engagement in
pediatric SCD, chronic pain, and cancer populations,
respectively [43,44]. The WebMAP program was designed for
pediatric chronic pain patients and adapted for the SCD
population. In the chronic pain population, caregiver engagement
was higher compared with youth (82% vs 74% completed at
least one module) [43]. Similarly, caregiver engagement was
also higher (100% vs 93% completed at least one module) than
youth engagement in the SCD population [27]. In contrast, the
Teens Taking Charge Cancer web-based self-management
program [44] reported lower caregiver engagement compared
with youth (8% vs 28% completed at least one module), which
is consistent with our results. One study on the psychology of
eHealth use among caregivers with children having complex
health conditions found that factors, such as poor caregiver
psychosocial health, high eHealth literacy, and high acceptability
of eHealth, were associated with increased engagement [45].
Furthermore, caregiver engagement with nondigital or analog
health interventions that report high levels of engagement tend
to include methods, such as motivational interviewing and
teaching-learning processes (eg, role play and interactive
problem solving) [46]. Our program was self-guided, which
may have contributed to lower levels of engagement from
caregivers.

Strengths and Limitations
Our study had several strengths. First, a phased evidence-based
approach was used to develop the iCanCope with SCD program.
A qualitative needs assessment involving youth with SCD,
caregivers, and health care providers was completed to
determine essential components of the program [12]. Next,
design sessions were completed with patient partners with SCD
to adapt the platform and content for a population with SCD
[26]. The changes that were implemented (eg, content tailoring
and app design) were cited by participants and their caregivers
as positive aspects of the iCanCope program. Second, this study
used both qualitative and quantitative methods, which enhanced
our ability to understand and contextualize the diverse set of
engagement experiences. Furthermore, by including youth and
caregiver perspectives, we were able to distinguish their unique
experiences and understand how the family unit engaged with
the program. Third, this study was a multi-center randomized
controlled trial, and this increases the generalizability of the
findings to SCD patients in North America. Moreover, the study
sample was inclusive of families from a variety of
socioeconomic backgrounds.
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These findings should be considered in the context of a few
limitations. First, caregivers were not heavily included in the
design of the iCanCope program, which may partially explain
their reduced engagement with the content. As per the user
design approach, the creation of iCanCope was focused on
meeting the needs of youth, as the primary users were envisioned
to be youth, rather than caregivers. However, our study findings
indicate that parent engagement with SCD program content is
important as it is positively associated with child engagement.
Unfortunately, poststudy interviews with caregivers revealed
that the program was too content heavy and time-consuming.
One strategy to improve caregiver engagement would be to
account for the individual need for cognition, which refers to
the enjoyment of deep thinking [47]. For those with a low need
for cognition, information could be provided in short easily
accessible excerpts, such as videos or infographics. In contrast,
long-form content would be more suited for individuals with a
high need for cognition. Notably, once the program is publicly
released, caregivers will be able to review content at their own
pace rather than within the time constraints of a research study.
In addition, consultations with parents may be completed to
fine tune the program to meet their needs prior to public release.
Second, differential use of the app versus website among youth
suggests a need for changes to the website to increase
engagement with the overall program. A specific technical
limitation of the website was that it was unable to store the
responses of participants, making it difficult for them to gauge
their progress. Finally, we were only able to interview 1 youth
participant who did not engage with the program at all.

Future Directions
Prior to public release of the program, there are opportunities
for refinement using the elements of persuasive design [48].
Wen et al found that more frequent prompts were associated
with higher engagement in studies with clinical pediatric
populations [37]. Although the iCanCope app did incorporate
reminders to prompt participants to engage (eg, push
notifications to complete check-ins or set a goal), the frequency
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and timing of the reminders could be customized. However, it
is important to balance the number of reminders while
minimizing interruptions to the user. As such, identifying ideal
opportunities to use the iCanCope program individualized to
each participant is important. A novel approach includes using
algorithms to determine these opportunities, which have been
developed for adult populations [45,49]. In tandem, providing
praise (eg, congratulatory messaging) and rewards when
participants complete a check-in, read an article from the library,
or complete a goal may influence engagement positively [48].
Rewards can include elements of gamification where participants
gain points or virtual rewards for completing certain tasks, which
they can use to promote engagement with self-management
content. Finally, real-world use of the iCanCope program can
also be studied in the future, after public release.
In terms of program dissemination, using strategies to target
the family unit, rather than individual members, may increase
engagement as SCD typically impacts multiple members of a
family. This approach is supported by youth participants who
reported ad hoc sharing of program content with their siblings
and the finding that parent and child engagement was positively
associated. Furthermore, by partnering with SCD clinics, the
program could be introduced to youth and families when the
SCD pain becomes more frequent to help cope with the
corresponding increase in pain burden.

Conclusions
This is one of the first studies to apply digital health analytics
to characterize patterns of engagement with SCD
self-management among youth and caregivers. Differential
engagement patterns were found, with more youth engaging in
the program than their caregivers; however, youth were more
likely to engage with the app than the website. These findings
will be used to optimize the iCanCope with SCD program prior
to release, with the potential to improve the accessibility and
acceptability of pain self-management support for families
affected by SCD.
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Abstract
Background: In health care, the benefits of digitalization need to outweigh the risks, but there is limited knowledge about the
factors affecting this balance in the work environment of physicians. To achieve the benefits of digitalization, a more comprehensive
understanding of this complex phenomenon related to the digitalization of physicians’ work is needed.
Objective: The aim of this study was to examine physicians’ perceptions of the effects of health care digitalization on their
work and to analyze how these perceptions are associated with multiple factors related to work and digital health usage.
Methods: A representative sample of 4630 (response rate 24.46%) Finnish physicians (2960/4617, 64.11% women) was used.
Statements measuring the perceived effects of digitalization on work included the patients’ active role, preventive work,
interprofessional cooperation, decision support, access to patient information, and faster consultations. Network analysis of the
perceived effects of digitalization and factors related to work and digital health usage was conducted using mixed graphical
modeling. Adjusted and standardized regression coefficients are denoted by b. Centrality statistics were examined to evaluate
the relative influence of each variable in terms of node strength.
Results: Nearly half of physicians considered that digitalization has promoted an active role for patients in their own care
(2104/4537, 46.37%) and easier access to patient information (1986/4551, 43.64%), but only 1 in 10 (445/4529, 9.82%) felt that
the impact has been positive on consultation times with patients. Almost half of the respondents estimated that digitalization has
neither increased nor decreased the possibilities for preventive work (2036/4506, 45.18%) and supportiveness of clinical decision
support systems (1941/4458, 43.54%). When all variables were integrated into the network, the most influential variables were
purpose of using health information systems, employment sector, and specialization status. However, the grade given to the
electronic health record (EHR) system that was primarily used had the strongest direct links to faster consultations (b=0.32) and
facilitated access to patient information (b=0.28). At least 6 months of use of the main EHR was associated with facilitated access
to patient information (b=0.18).
Conclusions: The results highlight the complex interdependence of multiple factors associated with the perceived effects of
digitalization on physicians’ work. It seems that a high-quality EHR system is critical for promoting smooth clinical practice. In
https://www.jmir.org/2022/8/e38714
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addition, work-related factors may influence other factors that affect digital health success. These factors should be considered
when developing and implementing new digital health technologies or services for physicians’ work. The adoption of digital
health is not just a technological project but a project that changes existing work practices.
(J Med Internet Res 2022;24(8):e38714) doi:10.2196/38714
KEYWORDS
network analysis; mixed graphical model; physicians; health care digitalization; digitalization of work; work in transformation;
digital health

Introduction
Background
Digital transformation is rapidly changing the health care sector,
and the COVID-19 pandemic has accelerated this transition to
digital solutions [1]. The digital transformation of health care
is expected to enhance health outcomes by improving
person-centered care and self-management, data-driven
treatment decisions, and medical diagnoses as well as creating
more evidence-based knowledge, skills, and competencies for
professionals to support health care delivery [2]. Physicians are
one of the most important stakeholders in health care, and they
have the potential to shape this change for the benefit of clinical
care [3].
The digital transformation of workplace can be defined as a
phenomenon in which new technologies significantly change
the way employees perform tasks and processes, their social
relationships, and subsequently their overall workplace
experience [4]. Indeed, physicians have seen digital health as a
dynamic facet of new ways of working [5]. Digital health is the
field of knowledge and practice related to the development and
use of digital technologies to improve health [2]. The broad
scope of digital health includes categories such as health
information systems (HISs; including, eg, electronic health
record [EHR] systems and clinical decision support systems
[CDSSs]) as well as telemedicine, wearable devices, mobile
health, and personalized medicine [6].
Digital health can provide additional work processes next to
existing ones or completely replace current processes [7]. It also
changes the culture toward shared decision-making and the
democratization of care [8]. Patients are suggested to no longer
be just customers but active participants in their own care
processes [5,8]. Digital health can empower patients to advocate
for themselves, take control of their care, and make
better-informed decisions about their health [9-11]. In a variety
of settings, digital interventions can be effective in both
preventing and treating disease [12-17]. In addition, digital
health appears to impact interprofessional cooperation [18-23].
EHRs influence cooperation by facilitating access to patient
information and data sharing between different stakeholders
and hospitals [21,24,25]. There is also a need for effective
cooperation between information technology professionals and
physicians to improve the quality and implementation of HISs
[26]. Participation in development may also increase one’s sense
of control over work [27]. Technology such as CDSSs can
support physicians by minimizing errors [28], improving the
accuracy of physician diagnoses [29] and outcomes [28,30,31],
and increasing efficiency [29,32]. Physicians have described
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the greatest benefits of digitalization in terms of care quality,
readability, and ease of access to patient data [33,34]. In
addition, digitalization has been shown to support collaboration,
decision-making, and continuous learning [5], and it has been
associated with improved job satisfaction and work-life balance
[35].
However, the digital transformation of health care is a highly
multifaceted issue [7]. Physicians have expressed concerns
about the impact of digitalization on information overload and
ambiguity, interaction with patients, privacy issues, disruptions
to workflows, and increasing workloads [5,34,36-39]. The
digitalization of work has also been found to be associated with
the stress levels of physicians [40,41]. Dissatisfaction has been
particularly associated with the implementation of new EHRs
[42-45] and the subsequent transition period [46].
Reports on the impact of digitalization on work performance
have been inconclusive [34]. Digitalization potentially affects
and is affected not only by the characteristics of the digital
health used but also by the physical and psychosocial work
environment. It is well known that work characteristics have
an important impact on employee attitudes toward the digital
workplace transformation [4]. Moreover, the various effects of
digitalization are likely to be interconnected. Although
physicians’ perceived benefits of digitalization appear to
outweigh the risks [5], there is limited knowledge about the
factors affecting this balance. To achieve the benefits of
digitalization, a more comprehensive understanding of this
complex phenomenon related to the digitalization of physicians’
work is required.
To date, conceptual and statistical tools to analyze and illustrate
such complexities have been lacking. However, the recently
introduced psychological network approach offers a promising
methodology to address the interplay between multiple factors
in multiple areas [47]. To understand complex phenomena, it
is often insufficient to only focus on how the individual
components of a system function. Instead, one must also study
the organization of the system’s components, which can be
represented in a network. In this field of research, psychosocial,
organizational, and behavioral entities are conceptualized as an
interplay of social, psychological, and other components that
interact in a network consisting of nodes representing observed
variables and connected by edges representing statistical
relationships [47-51].

Goal of This Study
The aim of this study was to examine physicians’ perceptions
of the effects of health care digitalization on their work and to
analyze how these perceptions are associated with multiple
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factors related to work and digital health usage. With this
information, it is possible to further develop digital health to
meet the needs of clinical practice. In addition, the information
can be used to improve the understanding of the changing nature
of clinicians’ work and enable organizations to develop
physicians’ orientation, promote staff empowerment and
well-being, and improve the quality of care services. The
research questions (RQs) were as follows:
•
•

RQ1: How has the digitalization of health care affected the
work of physicians from their perspective?
RQ2: How are (1) the effects of digitalization (patients’
active role, preventive work, interprofessional cooperation,
decision support, access to patient information, and faster
consultations), (2) factors related to work (purpose of using
the HIS, employment sector, and specialization status), and
(3) factors related to digital health usage (EHR experience,
EHR grade, participation in HIS development, and
telemedicine) connected in the network structure?

Methods
Study Sample
The nationwide survey EHR systems as a tool for physicians
2021 was conducted in Finland as part of the national STePS
3.0 project [52,53]. The survey method and questionnaire have
been described in detail elsewhere [54]. The data were collected
between January and March 2021. An invitation to participate
in the web-based survey was sent by email to all physicians of
working age (<65 years) who had provided their email addresses
to the Finnish Medical Association (n=19,142). The register
represents 90.51% (19,142/21,148 of all working age physicians
who live in Finland [55]. We received responses from 4683
physicians (response rate 4683/19,142, 24.46%). A total of 53
responses were removed from the data because the respondents
reported that they did not use health care information systems
at all (n=43) or they did not respond to this question (n=10).
The final sample included 4630 physicians (2960/4617, 64.11%
women) who worked directly with patients, in administration,
or both. Information on the status of clinical work was no longer
included in the registry, so the number of clinically active
physicians is an estimate based on several data sources and the
expertise of researchers at the Finnish Medical Association.
According to their analyses, the respondents were representative
of the population. However, older physicians responded slightly
more often than younger physicians, as did specialists. The
hospital sector was also slightly overrepresented [56].

Ethics Approval
According to Finnish legislation, a statement from the ethics
committee is not required to conduct surveys on respondents’
opinions [57]. Participation in the survey on the EHR systems
as a tool for physicians in 2021 was voluntary. All participants
provided informed consent by choosing to participate actively
in the study by answering the questionnaire.
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responsibility for health services, which are complemented by
private sector services [59]. Private service providers deliver a
quarter of all social and health services [60]. Almost half (49%)
of Finnish physicians work in hospitals, a quarter (25%) in
health centers, and 16% in the public sector [55].
EHRs are widely deployed across Finland [61]. As early as
2007, EHR coverage in the public sector in Finland reached
100%, and in 2017, all hospital districts achieved 100% usage
intensity in conservative, operative, and psychiatric care. In
2020, 91% of private actors reported usage intensities above
90% [61]. All EHRs are integrated with national health
information exchange services (Kanta services), which comprise
My Kanta Pages, Prescription service, Pharmaceutical database,
Patient Data Repository, and archiving of old patient data [62].
Participation in Kanta services is mandatory for all public health
care providers. Private providers are also required to join Kanta
services if the organization archives its clients and medical
records in an electronic form [62]. In addition, there are several
ancillary systems, for example, radiology and laboratory
information systems, and HISs for operating rooms, intensive
care units, labor and delivery, and emergency departments
[63,64]. However, due to suboptimal integration solutions within
the organizations, insufficient data structures in Kanta services,
and barriers set by legislation, patient information is not always
readily usable across different sectors, organizations, or facilities
[61]. Comprehensive digital services are also made available
to patients by solutions such as patient portals, access to their
own data in the Kanta eArchive via My Kanta Pages, digital
symptom checkers, and digital self-management guides [65].
Telemedicine with patients via video visits or chat messages,
as well as self-recorded health data and monitoring services,
already increased before the COVID-19 pandemic [61].

Measurements
The Effects of Digitalization on Work
All variables used are presented in Figure 1 and Multimedia
Appendix 1. The measurement of the perceived effects of
digitalization on work was based on the strategic focus areas of
the Finnish eHealth and eSocial Strategy 2020 [66]. The survey
questionnaire included 6 statements related to physicians’
experiences with digitalization. Respondents were asked how
the digitalization of health care has affected their work and
asked to assess the change during the last 3 years.
The 6 statements were as follows:
1.
2.
3.
4.
5.

Context
Finland is one of the leading countries in digitalization, ranking
first in a comparison of digitalization levels across European
Union member states [58]. The public sector has the primary
https://www.jmir.org/2022/8/e38714
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6.

Patients have assumed a more active role in their treatment
(patients’ active role).
Possibilities for preventive work have improved (preventive
work).
Interprofessional
cooperation
has
progressed
(interprofessional cooperation).
Intelligent decision support systems support a physician’s
work (decision support).
It has become easier to obtain information on patients
(patient information).
Consultations with patients have become faster (faster
consultations).
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Response options were rated on a 5-point Likert scale ranging
from 1 (fully agree) to 5 (fully disagree). For the analysis, the
responses were reversed from 1 (fully disagree) to 5 (fully
agree). Variables were recoded for the descriptive results, as
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(1) somewhat or fully disagree (response options 1-2), (2)
neither agree nor disagree (response option 3), and (3) somewhat
or fully agree (response options 4-5). In the network analysis,
each statement was used separately as a continuous variable.

Figure 1. Variables used in this study. EHR: electronic health record; HIS: health information system.

Work-Related Factors
Work-related factors included purpose of using the HIS,
employment sector, and specialization status.
Purpose of using the HIS was assessed by asking whether
respondents used the HIS (1) for patient work, (2) for
administrative work, (3) for both, or (4) not at all. The variable
was coded as a dichotomous variable: 0=uses not only for work
with patients (response options 2-3) and 1=uses only for work
with patients (response option 1). Response option 4 was coded
as missing.
Employment sector was assessed with the following response
options: (1) municipality, (2) state, (3) private (including The
Social Insurance Institution of Finland [Kela]), (4) university,
and (5) I am not employed. The variable was coded as a
dichotomous variable: 0=public (response options 1-2) and
1=private (response options 3-4).

EHR experience was assessed by asking respondents how long
they had used the EHR system that they mainly use in their
employment. The response options were (1) less than 6 months,
(2) 6 months—less than a year, (3) 1 to 3 years, (4) 4 to 6 years,
and (5) more than 6 years. The variable was coded as a
dichotomous variable: 0=less than 6 months and 1=6 months
or more.
The EHR grade was assessed by asking, “On a scale of 4 to 10
(with 4 being the lowest score and 10 being the highest score),
how would you rate the EHR you mainly use?” Response
options ranged from 4 to 10, including a response option of “I
am not able to give a grade, or I do not wish to answer.” The
variable was coded as a dichotomous variable: 0=4 to 7 (low
grade) and 1=8 to 10 (high grade). The response option “I am
not able to give a grade, or I do not wish to answer” was coded
as missing.

Factors Related to Digital Health Usage

Participation in HIS development was assessed by asking
whether the respondent had participated in HIS development
activities. The response options were (1) yes, some of my
working time has been allocated for such development work;
(2) yes, in addition to my work; and (3) no. The variable was
recoded as a dichotomous variable: 0=no and 1=yes (response
options 1-2).

The factors related to digital health usage included EHR
experience, EHR grade, participation in HIS development, and
telemedicine.

Telemedicine was assessed by asking whether the respondent’s
main employment involved telemedicine with patients (remote
treatment by phone, chat, video contact, and other electronic

Specialization status was assessed using response options (1)
not specialized, (2) in specialist training, and (3) specialized
and coded as a dichotomous variable: 0=not specialized
(response options 1 and 2) and 1=specialized.
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contact). The response options were (1) very much, (2) much,
(3) some, (4) a little, and (5) not at all. The variable was recoded
as a dichotomous variable: 0=little or not at all (response options
4-5) and 1=somewhat to very much (response options 1-3).

Statistical Analysis
Descriptive analyses were performed using SPSS (IBM SPSS
Statistics 27) to characterize the sample characteristics and the
variables used. Owing to nonresponse in some items, the number
of observations varied in the descriptive analyses. Subsequently,
network analysis was performed using mixed graphical models
[67] in R Statistical Software (version 4.1.1; R Foundation for
Statistical Computing 2020) to estimate the associations between
the perceived effects of digitalization, work-related factors, and
factors related to digital health usage. The scale-based effects
of digitalization were modeled as continuous variables: patients’
active role, preventive work, interprofessional cooperation,
decision support, patient information, and faster consultations.
The skewed distributions of these variables were normalized
using the nonparanormal transformation (huge.npn function)
[68]. The following binary work-related factors were modeled
as 2-level categorical variables: purpose of using the HIS,
employment sector, and specialization status. The following
binary digital health usage–related factors were also modeled
as 2-level categorical variables: EHR experience, EHR grade,
participation in HIS development, and telemedicine.
As the data contained both continuous and binary variables, we
estimated the main network with mixed graphical models using
the mgm package (version 1.2.12) [67]. The package estimates
a network model by running regularized generalized regressions
on each variable and estimating the edges associated with that
variable. We provided the data, removed the missing values,
and specified the type and number of levels for each variable.
The regularization parameter λ was selected by 10-fold
cross-validation, and the parameter k was set to 2 only to
estimate the pairwise relationships. The computed relationships
were represented in undirected graphical models [69] and
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visualized using the qgraph package [70]. Each variable was
represented as a node in the network and pairwise connections
between variables were represented as edges. The adjusted and
standardized regression coefficients are denoted by b in the text.
We added the strength of the dependencies by the width of the
edges and information about the sign of the edges: green and
blue edges indicate positive relationships and red edges indicate
negative relationships. Two different colors indicating positive
edges (green and blue) were used for illustration purposes.
Centrality statistics for the networks were examined to assess
the relative influence of each factor in the network in terms of
standardized node strength (the sum of edge weights associated
with a given node) [47,71]. The predict function in mgm was
used to obtain estimates of predictability for each factor.
Predictability refers to the extent to which the variable can be
explained by other variables included in the network [72].
Estimates are reported on a scale from 0 to 1, with 1 reflecting
complete predictability. To evaluate the stability and accuracy
test of the main network, the bootnet package [71] with the
mgm specification was used to compute nonparametric bootstrap
intervals around the estimated network edges and significance
tests for edge differences using 1000 bootstrap samples.

Results
Characteristics of the Study Population
The characteristics of the sample are shown in Table 1. The
majority (3668/4630, 79.22%) used HISs exclusively to work
with patients. Most participants (3676/4614, 79.67%) worked
in the public sector, and more than two-third (3134/4630,
67.69%) were specialists. For nearly half of the respondents
(2177/4625, 47.07%), their work involved at least some
telemedicine with patients. In total, 15.77% (727/4611) of the
respondents had less than 6 months of experience with their
current EHR. Nearly two-third (2974/4610, 64.51%) gave the
EHR they primarily used a low rating.
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Table 1. Characteristics of the study sample of Finnish physicians (N=4630).
Characteristic

Participants, n (%)

Age group (years) (n=4591)
<35

948 (20.65)

35-44

1211 (26.38)

45-54

1148 (25)

55-64

1284 (27.97)

Gender (n=4617)
Women

2960 (64.11)

Men

1626 (35.22)

Other or did not want to respond

31 (0.67)

Purpose of using the HISa (n=4630)
Not only for work with patients

962 (20.78)

Only for work with patients

3668 (79.22)

Employment sector (n=4614)
Public

3676 (79.67)

Private

938 (20.33)

Specialization status (n=4630)
Not specialized

1496 (32.31)

Specialized

3134 (67.69)

b

EHR experience (months) (n=4611)
<6

727 (15.77)

≥6

3884 (84.23)

EHR grade (4-10) (n=4610)
Low grade

2974 (64.51)

High grade

1636 (35.49)

Participation in HIS development (n=4601)
No

3495 (75.96)

Yes

1106 (24.04)

Telemedicine with patients (n=4625)

a

Little or not at all

2448 (52.93)

Somewhat to very much

2177 (47.07)

HIS: health information system.

b

EHR: electronic health record.

Perceived Effects of Digitalization on Work
The descriptive statistics of the perceived effects of digitalization
are shown in Figure 2. Nearly half (2104/4537, 46.37%) of the
respondents agreed that digitalization of health care has had a
positive effect by giving patients a more active role in their
treatment (mean 3.24, SD 0.99). This statement was rated as
the most positive of all the estimated effects of digitalization
on work. In addition, nearly half (1986/4551, 43.64%) of the
respondents indicated that obtaining information about patients
has become easier (mean 3.06, SD 1.18). The weakest positive
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effect of digitalization was found in consultation times (mean
2.12, SD 1.03). Only one-tenth (445/4529, 9.82%) found that
consultations with patients have become faster. Almost half
(2036/4506, 45.18%) of the respondents estimated that
digitalization has neither increased nor decreased the
possibilities for preventive work (mean 2.78, SD 0.91). Almost
half (1941/4458, 43.54%) of the respondents could not state
whether the CDSSs have supported their work (mean 2.77, SD
0.99). Assessments of the progress of interprofessional
cooperation were evenly distributed (mean 3.01, SD 1.01).
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Figure 2. Physicians’ perceptions about the effects of digitalization on work. The scale ranged from 1 (fully disagree) to 5 (fully agree). Somewhat or
fully disagree included response options 1 to 2, and somewhat or fully agree included response options 4 to 5.

Network Analyses
The resulting network (Figure 3) shows the interconnections
between the perceived effects of digitalization on work. In the
estimated network, each node was connected to 3, 4, or 5 other
nodes. The strongest associations were between the patients’
active role and preventive work (b=0.36), patient information
and faster consultations (b=0.32), interprofessional cooperation
and preventive work (b=0.29), interprofessional cooperation

and patient information (b=0.23), and decision support and
patient information (b=0.19). The other associations ranged
from 0.07 to 0.16, indicating weaker interconnections.
According to the centrality statistics (Figure 4), the most central
perceived effect of digitalization in terms of strength (ie, how
strongly a variable was connected to all other nodes) was
preventive work, followed by interprofessional cooperation.
Patients’ active role had the lowest cumulative strength of
connections to other variables.

Figure 3. A visualized network (n=4339) of the perceived effects of digitalization on the physicians’ work. The strength of the dependency is reflected
in the weight of the pairwise edge. Positive edges are shown in green.
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Figure 4. Standardized (ie, z scores) centrality indexes denoting node strength for perceived effects of digitalization.

The resulting main network (Figure 5) shows the connections
between all 13 factors: perceived effects of digitalization on
work (1-6) and factors related to work (7-9) and digital health
usage (10-13). In the estimated network, the nodes were
connected to 5 to 10 other nodes. The strongest direct links to
effects of digitalization were with EHR grade. A higher EHR
grade was associated with faster consultations (b=0.32) and
facilitated access to patient information (b=0.28). At least 6
months of experience with the main EHR was associated with
facilitated access to patient information (b=0.18). Using the
HIS only for working with patients was negatively associated
with progressed interprofessional cooperation (b=−0.16). The
private sector was positively associated with improved
possibilities for preventive work (b=0.16) and negatively
associated with the supportiveness of CDSSs (b=−0.15).
Specialization was negatively associated with the supportiveness
of CDSSs (b=−0.13) and positively associated with facilitated
access to patient information (b=0.13). A greater amount of

telemedicine with patients was associated with a more active
role of patients (b=0.12).
Pairwise connections for all visualized variables that reach a
value above 0.20 are reported. There was a strong negative
association between specialization status and the purpose of
using the HIS (b=−0.85). A strong positive association was
found between a longer experience with the main EHR and a
higher EHR grade (b=0.67). There was also a strong negative
association between the purpose of using the HIS and
participation in HIS development (b=−0.59). In addition, being
specialized was associated with participation in HIS
development (b=0.38). The private sector was associated with
a greater number of telemedicine services (b=0.34), longer
experience with the main EHR (b=0.27), and using the HIS only
for patient work (b=0.21). The predictability of each node
(perceived effects of digitalization) ranged from 30.2% (decision
support) to 43.6% (preventive work) of the explained variance
in the continuous variables.

Figure 5. A visualized main network (n=4339) of the perceived effects of digitalization on the work and factors related to work and digital health
usage. The strength of the dependency is reflected in the weight of the pairwise edge. Positive edges are shown in green and blue, and negative edges
are shown in red. The green ring around each node represents its predictability. EHR: electronic health record; HIS: health information system.
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The work-related factors were the most central in the main
network (Figure 6). In terms of strength, reflecting the overall
influence in the network, purpose of using the HIS had the
highest cumulative strength of connections to other variables,
followed by employment sector and specialization status.
Among the factors related to digital health usage, EHR grade
had the highest cumulative strength, while the level of
telemedicine had the lowest. Of the perceived effects of
digitalization, obtaining information had the highest strength
and patients’ role had the lowest.
Network stability analysis provided some large and overlapping
bootstrapped CIs around the edge weights (Figure S1 in
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Multimedia Appendix 2). The generally large, bootstrapped CIs
urge caution in interpreting the relative sizes of edges. However,
correlation stability for strength centrality was 0.517, meaning
that 51.7% of cases could be dropped to maintain a correlation
with the original centrality greater than 0.7 with a 95%
confidence. Values greater than 0.5 were considered stable.
Figure S2 in Multimedia Appendix 2 shows the resulting
strength-stability plot. Testing for significant differences
revealed that all edges differed significantly from several other
edges (Figure S3 in Multimedia Appendix 2). In addition, all
node strengths differed significantly from those of at least half
of the other nodes (Figure S4 in Multimedia Appendix 2).

Figure 6. Standardized (ie, z scores) centrality indexes denoting node strength for each factor. EHR: electronic health record; HIS: health information
system.

Discussion
Principal Findings
On the basis of our results, nearly half of the physicians assessed
that digitalization has promoted an active role for patients in
their own care and easier access to patient information.
However, only 1 in 10 participants felt that digitalization has
had a positive impact on consultation times with patients. The
network analysis highlighted the complex interdependence of
several factors related to the perceived effects of digitalization
on physicians’ work. The most central factors in the main
network were work related: purpose of using the HIS,
employment sector, and specialization status. However, the
strongest direct links to the perceived effects of digitalization
was with how highly physicians rated the EHR they primarily
used. A higher EHR grade was associated with perceptions of
faster consultations and easier access to patient information.
Overall, purpose of using the HIS, employment sector,
specialization status, and EHR grade seemed to be key factors
that influenced how positively the effects of digitalization on
work were perceived.
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The Perceived Effects of Digitalization on Work
Our results showed that nearly half of the respondents agreed
that digitalization has helped patients take a more active role in
their care. This finding supports the idea that digital health
empowers patients to be active participants [9-11]. However,
the changing role of patients may have required physicians to
more actively encourage their patients to engage in digital health
[73]. Patients also need a variety of skills, such as digital health
literacy, to play an independent role [74]. Simultaneously,
physicians are increasingly expected to assess whether patients
have properly understood health information in relation to their
own situation [75].
While our results show that the role of patients in their own care
was seen as more active and it was associated with improved
possibilities for preventive work, nearly half of the physicians
estimated that digitalization had neither increased nor decreased
opportunities for prevention. Although there is extensive
research on the effectiveness of digital health interventions
[12-17], not all digital health interventions are created equal
and many lack evidence, and achieving outcomes depends on
providing the right type of intervention to the right population
[12]. From the point of view of the changing work of physicians,
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digital health prevention work may require a new kind of support
for patients, which should be properly and differently targeted.
Almost half of the respondents agreed that digitalization had
facilitated access to patient information. Similarly, previous
studies have shown that EHRs support the bidirectional flow
of patient information and facilitate information sharing among
stakeholders [21]. Physicians have perceived obtaining real-time
patient data as one of the benefits of EHRs [25]. Patient data
sharing between hospitals has also increased [24]. According
to our results, easier access to patient information was associated
with faster consultation times. However, a significant majority
(3003/4529, 66.31%) of the respondents disagreed that
consultations with patients have become faster due to
digitalization. This was clearly the lowest-rated area and
indicates that the time advantage gained in obtaining the
information may be lost elsewhere. Previous studies have
reported, for example, increased documentation time and time
spent on the computer during short-term follow-ups [18,76,77].
The initial transition to the new EHR appears to increase
documentation time, but the workflow seems to improve as staff
members become more familiar with the system [18]. Most
physicians in this study had been using the same system for at
least 6 months; thus, recent implementations were unlikely to
significantly explain respondents’ time use.
Interprofessional cooperation was also connected to improved
possibilities for preventive work and for more easily obtaining
information on patients. The connection to improved
possibilities for preventive work was presumable as
interprofessional context had previously been argued to help
expand a narrow interpretation of one field and promote the
contribution of each member of the team [78]. Health promotion
generally involves professionals with different disciplinary
backgrounds, who typically also work in different sectors [79].
In this study, over one-third of the respondents estimated that
interprofessional cooperation has improved. However, almost
as many felt that digitalization has not influenced cooperation.
Multiple studies have suggested that the implementation of
EHRs [18,19] and electronic prescribing systems [20] can have
negative effects on interprofessional communication. However,
Chao [21] showed an increased frequency of interprofessional
communication
while
maintaining
intraprofessional
communication patterns after EHR implementation. Digital
health use is also shown to support interdisciplinary cooperation
[22], and there are encouraging results for the use of specialists
in nonspecialist telemedicine [23]. We cannot draw direct
conclusions about the efficiency of collaboration, but our results
suggest that digitalization is clearly changing the way
professionals interact.
Nearly half of the respondents felt that digitalization had neither
increased nor decreased the support physicians received from
the CDSSs. However, better support from CDSSs and easier
access to patient information were associated. Documenting
patient information in a structured, uniform, and simple manner
has been previously described as essential for electronic decision
support [80]. Previous research suggests that CDSSs can support
physicians [28,29,32] and improve outcomes [28,30,31], but
they continue to fall short of their full potential [31]. Ford et al
[81] pointed out that many previous CDSSs were not developed
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with the end user, practice context, or clinical workflow in mind.
In addition, previous studies show that user attitudes [82] and
acceptance are central to the success of CDSSs [83,84].

The Main Network
In the estimated main network, the strongest direct links to the
perceived effects of digitalization were with EHR ratings. Higher
EHR grades were associated with the perceptions of faster
consultations and easier access to patient information. This
finding largely supports the work of other studies in this area
that link EHR to accessible patient information [21,24,25]. Our
network analysis also showed that longer experience with the
EHR that was primarily used was associated with perceptions
of facilitated access to patient information.
The network also revealed other factors directly associated with
the perceived effects of digitalization on work, but these were
all relatively weaker. Physicians who used the HIS only to work
with patients perceived less progression of interprofessional
cooperation than physicians who also used the HIS for other
purposes. Physicians with administrative roles may use digital
technologies and also collaborate in diverse ways. Leadership
in digital health services is thought to require interprofessional
and intersectoral collaboration [85]. It is also suggested that
leaders in health care may generally view the effects of
digitalization differently and more positively than professionals
(Kaihlanen, unpublished data, June 2022).
Specialists experienced less support from CDSSs but better
access to patient information compared with nonspecialists.
Previous research has shown that specialists have also used
CDSSs less frequently than general practitioners [86]. This
could be related not only to expertise but also to the clinical
work itself. General practitioners are known to find electronic
medical records more useful than specialists because they are
faced with a wider range of symptoms to diagnose, treat, or
refer [87].
Physicians who worked in the private sector perceived better
opportunities for preventive work but less support from CDSSs
than physicians in the public sector. These associations may
indicate the different natures of medical work in the private and
public sectors. For example, specialized medical care and
emergency care are provided in hospitals, and most hospitals
in Finland are public sector hospitals [59]. Moreover, employers
are responsible for the preventive health care of their employees,
most of which is provided by the private sector [60]. The
perceived lower level of support from the CDSSs may also be
because the CDSSs in Finland are used less in the private sector
than in the public sector [61].
Physicians who used more telemedicine with patients felt that
digitalization has promoted the active role of patients more than
those who barely used telemedicine or did not use it at all.
Previous studies have also shown that telemedicine requires
patient engagement but also encourages patients to take more
responsibility for their own care [88,89]. In addition, physicians
who have used telemedicine are more likely known to perceive
the potential benefits of telemedicine than physicians who do
not use telemedicine with patients [90].
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Work-related factors (purpose of using the HIS, employment
sector, and specialization status) were found to be the most
central factors in the network. Our results suggest that physicians
who use HISs primarily for patient work participate less in
development work than physicians who also have administrative
responsibilities. Participation is known to provide an important
sense of control over one’s work [27], and physician-initiated
improvements to EHR systems have also been found to be useful
[91]. The estimated network also showed that specialized
physicians were more likely to participate in development work
than physicians who were not specialized or were still in
training. One possible explanation for this is that those with
specialization are in demand for development work because
their expertise is in a narrow area of medicine and they receive
recognition for their esoteric skills and knowledge [92].
Working in the private sector was associated with a greater
amount of telemedicine, longer experience with the main EHR,
and the use of HISs only for patient work. An earlier study also
found differences among practices, hospitals, and academic
medical centers in the use of telemedicine with patients [93],
and private hospitals have been more successful than public
hospitals in adopting telemedicine [94]. Physicians in the private
sector also had more experience with the primary EHR brand
used than those in the public sector. Longer experience with
the EHR was associated with higher EHR ratings. Shorter
experience may indicate new staff members or recent EHR
implementation. Several previous studies have shown that
physicians are less satisfied after implementing a new EHR
[43,44] primarily because of increased workflow disruptions
[45]. Significantly more disruptions are noted during the
transition period of approximately 6 months, after which the
situation recovers [46]. Overall, the results suggest that the
employer sector plays an important role in indirectly influencing
how physicians view the effects of digitalization through factors
related to telemedicine, experience with using EHRs, and the
purpose of using HISs.

Limitations
This study has several limitations. First, the psychometric
properties of the measure of the perceived effects of
digitalization on physicians’ work have not been tested
previously. However, the statements are based on the Finnish
eHealth and eSocial Strategy 2020 and describe the effects of
digitalization on the work of physicians from the perspective
of the focus areas included in the strategy. Moreover, the items
were planned by a large team of experts who have been working
on the digitalization of physicians’ work for a long time. The
content and wording of the measures were pilot tested and
evaluated by 2 physicians. On the basis of their feedback, minor
revisions were made before the survey was disseminated.
Contrary to many previous studies that have focused on the
negative ramifications of digitalization on physicians’ work
[40,95], our questions focused on aspects that can be considered
to be positive in nature. Thus, the results may have been
different if we would have focused on the negative ramifications
of digitalization on the work of physicians.
Second, we used the Likert scale variables as continuous
variables in the network, but this has been successfully practiced
https://www.jmir.org/2022/8/e38714
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in other studies of mgm network modeling [eg, 96]. Third, as
our data were cross-sectional, the directionality of the observed
relationships was not established. Some factors may precede
others but some may both contribute to and be influenced by
other factors in the network. The network analyses suggest that
incorporating factors measured over time, or studies that rely
on longitudinal structural model tests, could provide the
confirmatory evidence needed [47]. In addition, the response
rate was relatively low (24.46%), indicating a higher likelihood
of nonresponse bias. However, the sample size was large, and
it was well representative of the target population [56]. Finally,
Finland is one of the pioneers of the digitalization of health
care, and tax-funded universal health care is available to all
residents [97]. Therefore, caution should be exercised when
generalizing our findings to countries with other types of health
care systems or information communication technology
infrastructure. However, digitalization is advancing at a rapid
pace, and all physicians and health care organizations should
be prepared for future changes.

Conclusions
Our results suggest that, from the physicians’ perspective,
digitalization has improved the active role of patients and the
patient information flow, while consultation times with patients
have not become faster. Further studies are needed to examine
where the potential time benefit of accessible patient information
is lost and how the potentially increased documentation time
affects the quality of care. Physicians’ work should be organized
so that the time spent on the computer is not out of the time
spent with patients during appointments.
The network highlights that several factors have a complex
relationship with the perceived effects of digitalization on
physicians’ work. The EHR system used appears to be critical
for easier access to patient information and faster consultations.
Therefore, it seems that a high-quality EHR system is important
for the promotion of smooth clinical practice. Thus,
organizations could benefit by investing in a well-functioning
EHR and the factors that influence its successful use.
In addition, the physician’s work (patient or administrative),
employer sector, and career stage may play an important
background role and influence many other factors that affect
the success of digital interventions and their implementation.
Thus, it would be advisable for organizations to involve
specialists and nonspecialists equally when developing new
digital tools or processes in their work. Moreover, some benefits
of digitalization seem to be sector specific. Therefore, the
specific context and intended use should be considered when
developing and implementing digital health. Sectors can also
learn from each other; for example, when and how to use
telemedicine with patients, how to use digital health in health
promotion, and how to benefit from CDSSs in practice. Thus,
the information flow and exchange between sectors should be
improved.
Overall, a more comprehensive view is needed when assessing
the impact of digitalization on specific work environments and
work processes. Digitalization of work and related factors should
also be considered when orienting physicians. When new digital
health is introduced, training on changing work processes should
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be provided. This would be a priority in addition to technical
training. The introduction of digital health is not only a

Saukkonen et al
technological project but also a project that changes existing
work practices and the professionals’ work environment.
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Abstract
Background: Electronic health records (EHRs) with large sample sizes and rich information offer great potential for dementia
research, but current methods of phenotyping cognitive status are not scalable.
Objective: The aim of this study was to evaluate whether natural language processing (NLP)–powered semiautomated annotation
can improve the speed and interrater reliability of chart reviews for phenotyping cognitive status.
Methods: In this diagnostic study, we developed and evaluated a semiautomated NLP-powered annotation tool (NAT) to
facilitate phenotyping of cognitive status. Clinical experts adjudicated the cognitive status of 627 patients at Mass General Brigham
(MGB) health care, using NAT or traditional chart reviews. Patient charts contained EHR data from two data sets: (1) records
from January 1, 2017, to December 31, 2018, for 100 Medicare beneficiaries from the MGB Accountable Care Organization and
(2) records from 2 years prior to COVID-19 diagnosis to the date of COVID-19 diagnosis for 527 MGB patients. All EHR data
from the relevant period were extracted; diagnosis codes, medications, and laboratory test values were processed and summarized;
clinical notes were processed through an NLP pipeline; and a web tool was developed to present an integrated view of all data.
Cognitive status was rated as cognitively normal, cognitively impaired, or undetermined. Assessment time and interrater agreement
of NAT compared to manual chart reviews for cognitive status phenotyping was evaluated.
Results: NAT adjudication provided higher interrater agreement (Cohen κ=0.89 vs κ=0.80) and significant speed up (time
difference mean 1.4, SD 1.3 minutes; P<.001; ratio median 2.2, min-max 0.4-20) over manual chart reviews. There was moderate
agreement with manual chart reviews (Cohen κ=0.67). In the cases that exhibited disagreement with manual chart reviews, NAT
adjudication was able to produce assessments that had broader clinical consensus due to its integrated view of highlighted relevant
information and semiautomated NLP features.
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XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e40384 | p.972
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Noori et al

Conclusions: NAT adjudication improves the speed and interrater reliability for phenotyping cognitive status compared to
manual chart reviews. This study underscores the potential of an NLP-based clinically adjudicated method to build large-scale
dementia research cohorts from EHRs.
(J Med Internet Res 2022;24(8):e40384) doi:10.2196/40384
KEYWORDS
chart review; cognition; cognitive status; dementia; diagnostic; electronic health record; health care; natural language processing;
research cohort

Introduction
In recent years, electronic health records (EHRs) have become
increasingly common in US health care facilities; they provide
a wealth of information on patient demographics, medical
history, clinical data, and health system interactions. EHRs offer
an unprecedented opportunity to improve clinical care and
examine a broad variety of scientific, health care utilization,
and heath policy questions [1-3]. An important first step in
conducting EHR research is accurately identifying patients with
a certain health condition, event, or disease, which is known as
phenotyping [1,4]. The identified patient sample is subsequently
leveraged for a wide range of purposes, such as providing
clinical decision support for health care delivery [5], conducting
epidemiological research [4,6], and for the practice of precision
medicine [7].
Phenotyping cognitive status (ie, distinguishing between normal
cognition and any stage of cognitive impairment) in EHR is a
major challenge since dementia is underrecognized,
underdiagnosed, and underreported in claims data [8-12], leading
to inaccurate identification of dementia cases in many studies
based on claims or EHR data [13-15]. Informative missingness,
errors, and biases in EHR may further exacerbate the challenges
of defining dementia outcomes [16]. Yet another challenge of
phenotyping arises from complex, subjective, loosely-defined
diagnostic criteria as well as the format—that is, structured (eg,
diagnosis codes and medications) versus unstructured (eg,
clinical notes and images)—in which the information is stored
[4]. Previous studies have demonstrated that information on
cognitive status is often found only in free text [17-19].
Clinicians may chart symptoms of cognitive problems in clinical
notes but may not make a formal diagnosis, refer to a specialist,
or prescribe medication for multiple reasons including clinical
role, lack of time or expertise, patient resistance, or limited
treatment options [20-22]. Thus, accurately phenotyping
cognitive status requires the combined use of both structured
data, such as diagnosis codes, medications, and laboratory test
results, as well as unstructured clinical notes.
Several algorithms have been developed for phenotyping
cognitive status; some studies used structured data, such as
diagnosis codes, missed appointments, or health care utilization
patterns [15,23], whereas others have applied natural language
processing (NLP) to unstructured notes [18,19,24]. None of
these prior efforts combined both structured and unstructured
input modalities, and manual annotation by clinical experts is
limited by the lack of available tools to facilitate efficient chart
review [25]. Thus, we hypothesized that the best approach for
phenotyping cognitive status is a semiautomated one in which
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automated NLP is applied to clinical notes and presented in an
integrated view to the clinical expert for final manual
adjudication of cognitive status.
We developed NAT, a semiautomated NLP-powered annotation
tool, to facilitate adjudication of cognitive status. The tool
extracts and processes data from EHRs and then ranks clinical
notes based on a deep learning NLP algorithm (Macro F1=0.92)
that classifies whether a note indicates normal cognition,
cognitive impairment, or has no pertinent information [26]. It
highlights key information and presents a summarized view to
the annotator. We evaluated NAT in two EHR data sets: (1)
Medicare beneficiaries from the Mass General Brigham (MGB)
Accountable Care Organization (ACO) who were labeled in
another study using manual chart reviews [15] and (2) MGB
patients with laboratory confirmed SARS-CoV-2 (a case-control
study to investigate the effects of COVID-19 on people with
and without HIV was used as an exemplar of a research cohort
that requires labeling of cognitive status). We evaluated
interrater agreement in the first data set and compared it to
interrater agreement in Epic—the EHR system used at MGB
since 2015. The second data set was used to compare timings
of manual to NAT adjudication, as the timing of manual
adjudication was not available in the first data set.
By addressing the gaps in current chart review methods and
leveraging existing NLP methods, we demonstrate that NAT
increases both the efficiency and the interrater reliability of
phenotyping cognitive status in EHR (relative to manual chart
reviews) to build future research cohorts.

Methods
Clinical Settings and Data Sources
This diagnostic study was conducted at MGB—formerly
Partners Healthcare—a private nonprofit organization
comprising two major academic hospitals, community hospitals,
and community health centers in the Boston metropolitan area.
Data were sourced from the MGB Enterprise Data Warehouse
that stores data from Epic. We evaluated NAT adjudication for
phenotyping cognitive status on two distinct data sets. The first
one included EHR data from January 1, 2017, to December 31,
2018, of 100 patients randomly selected from a larger data set
that was expert-annotated via manual Epic chart reviews and
reported elsewhere [15]. Specifically, this manually
expert-annotated data set contained 1002 Medicare beneficiaries
from the MGB ACO who were classified into (1) normal
cognition, (2) borderline of normal cognition and mild cognitive
impairment (MCI), (3) MCI, (4) borderline of MCI and
dementia, or (5) dementia [15]. The experts graded their
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confidence in the adjudication as low, medium, moderate, or
high. The 100 patients were randomly sampled from these 5
classes with 20 from each class, ensuring that each class had a
similar distribution of confidence scores. The second data set
included 527 MGB patients with a laboratory confirmed
SARS-CoV-2 infection based on polymerase chain reaction
testing between March 1 and December 31, 2020. The data set
was created for a case-control study to investigate the effects
of COVID-19 on people with and without HIV; EHR data up
to 2 years prior to and any time after the index positive
polymerase chain reaction test were used to investigate the
performance of NAT adjudication.

Ethics Approval
This study was approved by the MGB Institutional Review
Board (2015P001915).

Definition of Cognitive Impairment
In this study, to phenotype cognitive status, patients were
annotated with three labels: (1) cognitively normal (CN), (2)
cognitively impaired (CI), and (3) undetermined. Patients were
labeled as CI if there was any documented suspicion or concern
of memory or cognitive decline, whether based on symptoms,
observations, or objective testing. This ranged from any
dementia-related International Classification of Diseases (ICD)
codes or medicines in the patients’ charts to cognitive
concerns—relayed by patients, family members or friends, or
providers in the notes and phone logs—as these concerns often
reflect an underlying change in cognition even if a cognitive
evaluation is normal (in which case they prompt a diagnosis of
subjective cognitive decline [27]). Conversely, to be annotated
as CN, at least implicit evidence of no cognitive concerns was
required (eg, the patient continued to work, clearly managed
their own care or hobbies, and followed complicated
instructions, or they had annual wellness or specialist notes with
multisystem assessment and no mention of a cognitive concern).
The strongest evidence for a CN annotation was a cognition
test performed with an explicit note of intact cognition. If there
was conflicting evidence of both cognitive impairment and
evidence of no cognitive impairment in a patient’s chart, the
latest evidence or specialist notes (if any were available)
informed the adjudication. Finally, patients were marked as
“undetermined” if the EHR did not have sufficient information.

Data Preparation
Data query, preparation, and preprocessing steps are described
in Multimedia Appendix 1. For each patient, the following EHR
data from the relevant time period were extracted from the
Enterprise Data Warehouse: (1) patient demographic
information, including name, medical record number, birth date,
sex, ethnic group, marital status, and educational level; (2) all
clinical notes, including reason for visit, history, note text,
encounter type, and MGB provider (including provider
department, specialty, and qualifications); (3) current primary
care provider; (4) patient care coordination note; (5) medication
history and current medications; (6) magnetic resonance imaging
and computerized tomography orders; (7) laboratory orders and
results; (8) problem list, including ICD diagnoses and diagnosis
codes; and (9) visit cancellations.
https://www.jmir.org/2022/8/e40384
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Several features were engineered from the EHR to facilitate
assessment of cognitive status. Dementia-related medications
and ICD codes (medications: galantamine, donepezil,
rivastigmine, and memantine; ICD-9 codes: 290.X, 294.X,
331.X, and 780.93; ICD-10 codes: G30.X and G31.X) and
laboratory tests (eg, vitamin B12, folate, and thyroid-stimulating
hormone) related to assessment of cognitive status were
identified and highlighted. The numbers of cancellations,
no-shows, and refill requests, relative to the total number of
encounters, were computed.
Finally, NLP was applied to the clinical notes. We curated two
lists of regular expressions or keywords related to the presence
or absence of both (1) cognitive impairment and (2) the
functional impairment of activities of daily living (ADLs) or
independent ADLs, respectively (Multimedia Appendices 2 and
3). We identified regular expression matches and highlighted
these within the text of the notes with different colors for each
category (eg, cognition vs ADLs) to facilitate their identification
by the clinician. We applied a previously developed NLP model
[26] to generate classification probabilities of the following
classes for each note: CI, no CI, or neither. The notes were
ranked based on these classification probabilities, and notes that
the model predicted as indicative of CI were displayed at the
top.

Development of an Annotation Tool
We designed and developed a web-based chart review and
annotation tool, using the Python-based open-source Django
web development framework with a SQLite database. We
established data models for patient-level demographic and
clinical data, encounter-level clinician notes, user account
creation and authentication, and patient assignment to individual
or multiple annotators (Multimedia Appendix 4). We created
several user interfaces (ie, pages) to present the various data
modalities in an integrated fashion for annotation.

Statistical Analysis
We evaluated NAT adjudication using three metrics: agreement
with manual Epic chart reviews, assessment time, and interrater
agreement. We evaluated agreement between manual Epic chart
reviews and NAT adjudication as well as interrater agreement
for NAT adjudication using Cohen κ, whereas assessment time
in minutes was compared using a paired samples Wilcoxon test
(also known as the Wilcoxon signed-rank test). There were no
missing data for these variables. All analyses were conducted
using the R statistical software (version 4.1.2; R Core Team).

Results
Patient Characteristics
The patient characteristics of the two data sets are shown in
Table 1. The ACO data set comprised 100 patients (63/100,
63.0% were women; mean age 78.8, SD 7.4 years; 7/100, 7%
racial or ethnic minorities, 1 missing; 51/100, 51.0% with a
college degree or more, 3 missing; and 50/100, 50.0% were
married). The COVID-19 data set comprised 527 patients
(226/527, 42.9% women; mean age 52.6, SD 15.0 years;
318/527, 60.35% racial or ethnic minorities, 21 missing;
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195/527, 37.0% married, 16 missing).

Table 1. Characteristics of Accountable Care Organization (ACO) and COVID-19 data sets used for NLPa annotation tool (NAT) evaluation.
Characteristics

Patients (N=627)
ACO data set (n=100)

COVID-19 data set (n=527)

Male

37 (37)

301 (57.1)

Female

63 (63)

226 (42.9)

78.8 (7.4)

52.6 (15)

Black

4 (4)

163 (30.9)

Hispanic

2 (2)

138 (26.2)

Asian

1 (1)

16 (3)

Indigenous

0 (0)

1 (0.2)

College education, n (%)

51 (51)

160 (30.4)

Married, n (%)

50 (50.0)

195 (37)

164 (8-858)

106 (1-2474)

PCP visit, n (%)

71 (71)

423 (80.3)

Dementia ICDc code and medication, n (%)

51 (51)

166 (5.3)

Sex, n (%)

Age (years), mean (SD)
Minorities, n (%)

Clinical characteristics
Number of encounters, median (min-max)
b

a

NLP: natural language processing.

b

PCP: primary care provider.

c

ICD: International Classification of Diseases.

Features of NAT
Upon logging in to our annotation tool, an authenticated user
is presented with a dashboard listing the patient IDs, ages, and
sexes of their assigned patients (Figure 1). In addition, the total
number of notes, the sequences within the notes that match a
cognition or ADL keyword (Multimedia Appendices 1 and 2),
and the number of notes for each predicted class (ie, cognition
and ADL) are also presented. After annotation, the patient’s
label (CN, CI, or undetermined) is displayed with background
colors reflecting the patient’s annotated cognitive status.
Selecting a patient navigates the user to an annotation view
summarizing the patient’s demographic and clinical information
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(Figure 2A). Engineered features, including the total number
of notes, encounters, no shows, cancellations, and refill requests,
along with the patient care coordination note (if any), diagnosis
ICD codes, and medications, are displayed (Figure 2B). Brain
imaging and relevant laboratory tests, such as
thyroid-stimulating hormone or vitamin B12, allow annotators
to consider systemic causes of cognitive changes (Figure 2C).
Finally, notes sorted by the predicted probability and with
highlighted keywords are presented to expedite the review of
the entire chart history during the relevant period for the clinical
adjudication of cognitive status. Examples of the three predicted
classes of notes (CN, CI, and undetermined) are shown in Figure
2D.
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Figure 1. NAT dashboard: screenshot of the NAT dashboard displaying the current workload and assigned patients. A summary of patient information
is displayed in each row, and the background reflects the cognitive status assigned to the patient. NAT: NLP annotation tool; NLP: natural language
processing.
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Figure 2. Annotation view: (A) patient view displaying summary information at the top and sequences from clinical notes at the bottom; (B) the Patient
Information box summarizes health care interaction, patient care coordination notes, current medications, and diagnosis codes; (C) laboratory tests and
imaging conducted on the patient; (D) sample sequences from notes with dementia and activities of daily living (ADLs) keywords highlighted. Each
sequence is classified as cognitive impairment (CI), no CI, or neither, with a probability, and allows annotators to flag incorrect classifications.

Evaluation of NAT
Two teams of expert clinicians were randomly assigned patients
and adjudicated the ACO data set, using NAT (team 1: LB,
GKR, SSM; team 2: MBW and HA). We compared the
phenotyping of cognitive status using NAT to manual chart
reviews using Epic (labels were obtained from Moura et al [15];
patients who were not CN were grouped into the CI class). We
removed patients annotated as “undetermined” in the set
adjudicated using NAT, as they had little information in EHR
to assess cognitive status and could not be directly compared
to the labels obtained from Moura et al [15]. The agreement
between NAT and manual Epic chart reviews was moderate for
both team 1 (Cohen κ=0.68) and team 2 (Cohen κ=0.65) with
a mean Cohen κ=0.67; the breakdown is shown in Figure 3A.
Surprisingly, patients whose NAT label disagreed with the
manual Epic chart reviews were annotated as CI using Epic and
as CN using NAT. We manually reviewed the patients where
the diagnostic labels disagreed; we found that NAT was able
to highlight certain passages of text, such as “language,
attention, and memory function are intact with good fund of
knowledge”; the highlighted text facilitated the labeling of the
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patient as CN, whereas such phrases were easily missed in
manual chart reviews. Moreover, if a patient had a transient
cognitive deficit and was later evaluated as CN, for example,
NAT presented all notes with highlighted evidence along with
their dates in one view, making it easier to follow the sequence
of events. The disagreements were mostly among patients
annotated with a low confidence score in the Epic manually
annotated data set [15] (Figure 3B). The interrater agreement
of NAT adjudication between team 1 and team 2 was higher
(Cohen κ=0.89) than the interrater agreement (Cohen κ=0.80)
with manual Epic chart reviews reported in Moura et al [15].
Next, we compared the time required for phenotyping of
cognitive status via NAT adjudication versus manual chart
reviews in Epic. Four of the authors (DW, ER, HA, and SSM)
adjudicated the full COVID-19 data set using NAT and recorded
the annotation time for 129 patients. Two of the authors (HA
and SSM) timed manual chart reviews in Epic for 32 randomly
sampled patients. To ensure that a patient was not adjudicated
using both methods by the same person, HA used Epic to
perform chart reviews of patients adjudicated by SSM using
NAT and vice versa. For most of the patients, the annotation
time was substantially shorter with NAT as compared to manual
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chart reviews in Epic (Figure 3C). Adjudications using NAT
provided substantial speed-up of annotations compared to
manual chart reviews in Epic (time difference mean 1.4, SD 1.3
minutes; P<.001; ratio median 2.2, min-max 0.4-20).
Additionally, we observed that clinicians spent more time using
NAT on the first half of patients compared to the second half.
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This “learning effect” was not observed with manual Epic chart
reviews. The breakdown of the cognitive status for the
COVID-19 data set is shown in Figure 4. Notably, the cognitive
status for 21.1% (n=111) of patients was undetermined,
suggesting that there was little information in EHR to determine
their cognitive status.

Figure 3. Comparison of adjudication with natural language processing (NLP)–powered annotation tool (NAT) and manual Epic chart reviews: (A)
contingency table displaying adjudication with NAT versus Epic by team 1 (top row) and team 2 (bottom row); (B) distribution of confidence scores
assigned in Epic manual chart reviews (Moura et al [15]) for agreements and disagreements between the two methods; (C) annotation time comparisons
between NAT versus Epic.
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Figure 4. COVID-19 data set cognitive scores and distribution of cognitive scores in the COVID-19 data set.

Discussion
Principal Findings
In this study, we developed and evaluated a novel
semiautomated NLP-powered annotation tool, NAT, to facilitate
phenotyping of cognitive status. Clinical experts adjudicated
the cognitive status of 627 patients at MGB health care using
NAT or traditional chart reviews. NAT improves the efficiency
and interrater reliability of chart review as compared to manual
adjudication.

Strengths
Phenotyping methods have been applied to EHR to successfully
identify patients with autism [28], diabetes [29], immunological
diseases [30], and several chronic diseases [16]. EHR has been
extensively used for dementia research, but the outcomes are
typically defined by diagnosis codes or specialist diagnoses.
Although phenotyping tools using NLP have been developed
to detect cognitive impairment [18,19,24], they have been
limited by their performance. In this study, we propose a novel
semiautomated approach that combines NLP outputs with
manual adjudication.
We selected this approach as it combines the automation of an
NLP tool and the expert review required for phenotyping
cognitive status. Phenotyping cognitive status requires the input
from both structured (eg, diagnosis codes and medications) and
unstructured (eg, clinical notes and images) data, and currently,
there are no machine learning tools that integrate multiple data
modalities. The approach has several advantages over manual
chart reviews. Cognitive concerns are often subjective, and a
significant amount of information is required to confidently
ascertain the correct diagnosis. Since diagnoses are staged across
months or years, individual notes across time must be evaluated
together—NAT filters data for the period of interest and thus
facilitates the adjudication process. Next, the absence of
cognitive deficits is often difficult to adjudicate with confidence.
In these cases, the annotator needs to review all notes to ensure
there were no signs of cognitive impairment. NAT improves
the efficiency of such tasks, as it automatically flags notes with
signs of cognitive impairment as well as those with information
on normal cognition and ranks them in order of importance. In
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addition, clinicians often use a wide variety of terms and phrases
in clinical notes that can easily be missed in manual reviews.
NAT, on the other hand, highlights all cognition-related patterns
and phrases, decreasing the likelihood that the annotator might
miss any information relevant to the decision-making task.
Finally, NAT streamlines an established adjudication protocol
and thus improves interrater agreement. NAT can, in principle,
be extended to local hospitals and clinics that have digitized
data but not an EHR system.

Limitations
This study has several limitations. First, NAT does not link to
brain images, which may contain information relevant to brain
function. Second, although NAT improves the efficiency of
adjudicating cognitive status compared to manual chart reviews,
it is not scalable to large data sets of thousands of patients. To
scale to such sample sizes, fully automated machine learning
algorithms that replicate the adjudication process are required.
In the future, we plan to use NAT to create gold-standard data
sets for training and validation of such machine learning
algorithms for phenotyping cognitive status. Third, NAT
adjudication was evaluated on data from a single health care
system. Whether the cognition and ADL-related keywords apply
to other health care settings is yet to be confirmed. The
performance of the NLP tool [26] also needs to be evaluated
with external data. Fourth, adjudicators were not blinded to
identifiable information in EHR, which may have introduced
biases in their labels. Tools, such as Philter, could be used in
the future to remove protected health information in NAT [31].
Finally, research studies using EHR-based data sets are limited
by the information available within the health care system and
miss records of care outside the system. Such patients with
missing information were labeled as “undetermined” in this
study, but studies that use diagnosis codes for phenotyping of
cognitive status may incorrectly label such patients as CN
instead of distinguishing them as patients with insufficient
information. Our study highlights the issue of missing
information when phenotyping cognitive status in EHR, and
consequently, the need for future work to minimize biases if
such patients are excluded in a research study.
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Conclusions
Although there is no substitute for a longitudinal cohort with
formal cognitive evaluations to study Alzheimer disease and
related dementias, leveraging EHR data with NLP holds
promise. In this diagnostic study, we developed and evaluated
a semiautomated NLP-powered annotation tool, NAT, to
facilitate the phenotyping of cognitive status in EHRs. Expert

Noori et al
clinicians adjudicated cognitive status of 627 patients from two
distinct data sets; NAT had a high interrater agreement and
improved the speed of annotations compared to manual chart
reviews. Using NAT to adjudicate cognitive status would likely
increase the feasibility and scalability of building gold-standard
data sets for machine learning algorithms and research cohorts
to study cognitive decline.
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Abstract
Background: The increasing prevalence of smartphone apps to help people find different services raises the question of whether
apps to help people find physical activity (PA) locations would help better prevent and control having overweight or obesity.
Objective: The aim of this paper is to determine and quantify the potential impact of a digital health intervention for African
American women prior to allocating financial resources toward implementation.
Methods: We developed our Virtual Population Obesity Prevention, agent-based model of Washington, DC, to simulate the
impact of a place-tailored digital health app that provides information about free recreation center classes on PA, BMI, and
overweight and obesity prevalence among African American women.
Results: When the app is introduced at the beginning of the simulation, with app engagement at 25% (eg, 25% [41,839/167,356]
of women aware of the app; 25% [10,460/41,839] of those aware downloading the app; and 25% [2615/10,460] of those who
download it receiving regular push notifications), and a 25% (25/100) baseline probability to exercise (eg, without the app), there
are no statistically significant increases in PA levels or decreases in BMI or obesity prevalence over 5 years across the population.
When 50% (83,678/167,356) of women are aware of the app; 58.23% (48,725/83,678) of those who are aware download it; and
55% (26,799/48,725) of those who download it receive regular push notifications, in line with existing studies on app usage,
introducing the app on average increases PA and decreases weight or obesity prevalence, though the changes are not statistically
significant. When app engagement increased to 75% (125,517/167,356) of women who were aware, 75% (94,138/125,517) of
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those who were aware downloading it, and 75% (70,603/94,138) of those who downloaded it opting into the app’s push notifications,
there were statistically significant changes in PA participation, minutes of PA and obesity prevalence.
Conclusions: Our study shows that a digital health app that helps identify recreation center classes does not result in substantive
population-wide health effects at lower levels of app engagement. For the app to result in statistically significant increases in PA
and reductions in obesity prevalence over 5 years, there needs to be at least 75% (125,517/167,356) of women aware of the app,
75% (94,138/125,517) of those aware of the app download it, and 75% (70,603/94,138) of those who download it opt into push
notifications. Nevertheless, the app cannot fully overcome lack of access to recreation centers; therefore, public health administrators
as well as parks and recreation agencies might consider incorporating this type of technology into multilevel interventions that
also target the built environment and other social determinants of health.
(J Med Internet Res 2022;24(8):e30581) doi:10.2196/30581
KEYWORDS
computational modeling; digital health; physical activity; BMI; obesity; built environment; impact; app; exercise; simulation;
intervention; women; African American; agent

Introduction
The increasing prevalence of smartphone apps to help people
find different services (eg, Yelp and OpenTable to find
restaurants, Fandango to find movie theaters, AllTrails to find
hikes, GasBuddy to find gas stations, Expedia to find hotels,
and Zillow to find homes and apartments) raises the question
of whether apps to help people find physical activity (PA)
locations (eg, ClassPass [1] and Fit Reserve [2]) would help to
better prevent and control having overweight and obesity. Such
place-tailored apps can help assemble, collate, and present
information that may be available on different websites so that
an individual can quickly find the closest location of interest.
These place-tailored apps can be particularly helpful for PA
locations and opportunities since they may exist in different
and less obvious forms (eg, irregular timing of classes, walking
and bike paths, outdoor tracks, and tennis or basketball courts).
Such an app can also offer crowdsourced ratings of each
location, details about specific services (eg, time, availability,
costs, promotions, and deals), and even social connections with
people who have the same interests or are in the same area.
Previous studies have shown that people may not be aware of
or have difficulty finding locations to engage in PA [3-5]. This
may be the case in underresourced and otherwise disadvantaged
communities where parks, affordable gyms, and other
opportunities may be more difficult to find if they are in
less-frequented or obscure locations, or if they are not regularly
advertised or promoted [6]. African American women who live
disproportionately in underresourced communities spend at
least as much time as any other racial or ethnic group using
apps and the internet (approximately 19 hours and 27 minutes
each week versus 17 hours and 8 minutes each week), and
approximately 80% of African American women own a
smartphone [7], raising the possibility that this could be an
effective means to help these women find PA opportunities.
However, before such an app is rolled out in the “real world,”
it can be helpful to use simulation modeling to guide the design
and test the potential impact of such an app. Such an approach
is used in other fields (eg, aeronautical engineering and
manufacturing) since running simulation models can take much
less time and can be significantly less costly than conducting a
real-world trial (which can take months to set up, recruit for,
and implement). Moreover, once a trial is completed, one cannot
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go back and change the circumstances as they can in a
simulation model. Therefore, we further developed our
agent-based simulation model of Washington, DC to test the
impact of such a place-tailored digital health app.

Methods
Ethics Approval
All authors’ institutions were included in the institutional review
board approval (IRB #00004203) at Johns Hopkins as the study
began while certain members of the research team (MCF, KJO,
YA, MM, SMB, PTW, SS, SR, MSG, MD, KR, DH, RS, and
BYL) were based at Johns Hopkins.

Model of Washington, DC
We used and further developed a Virtual Population Obesity
Prevention, agent-based model of Washington, DC in 2020-2021
[8,9], which includes computer model–based representations
of households, workplaces, and recreation centers throughout
all 8 wards (similar to districts in other cities) in Washington,
DC.

Agents Representing People
We represented each of the 167,356 African American women
(aged 18-65 years) living in Washington, DC with a computer
model–based agent. Each agent (ie, each African American
woman in Washington, DC) has attributes for age, height, lean
or fat mass, household location, work location, and income
based on representative data for the region and population. Each
agent also has an embedded metabolic model, which converts
daily caloric intake and expenditure to corresponding lean or
fat mass [10,11]. Caloric expenditure from exercise is
determined by exercise intensity, duration, and the agent’s
current body weight [10,11]. Since individuals may vary in their
inclination to exercise, each agent had a baseline probability of
wanting to exercise each day. This accounts for an agent’s past
experiences and existing tendencies to exercise and includes
factors such as household financial status, family
responsibilities, chronic health conditions, and social influences.
Different scenarios ranged this baseline probability from 10%
(10/100) to 50% (50/100) to explore how this probability might
affect the results.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e30581 | p.984
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
In each simulated day, women may participate in a recreation
center class, depending on a number of factors (Figure 1;
Multimedia Appendix 1, Table S1 [8, 9, 12-23]), including the
following: (1) her baseline probability to exercise (this accounts
for an agent’s past experience and existing tendencies to
participate in recreation center classes), which we vary between
simulation experiments; (2) objective accessibility to locations,
based on the geographic locations of recreation centers [12],
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the distance individuals need to travel to reach these locations,
and access to the types of transportation (eg, cars) that might
be required to reach locations further away [24,25]; (3)
perceived accessibility of locations [15], based on the
individual’s understanding and knowledge of nearby recreation
centers; (4) awareness of classes at recreation centers; and (5)
preparedness to exercise (whether or not she remembers her
apparel and equipment).

Figure 1. A digital health app that helps locate and send reminders about recreation (rec) center classes. *Factors influenced by phone app.

Representations of Recreation Centers
Multimedia Appendix 1, Table S2 shows key characteristics
(eg, number of recreation centers) for each ward. If an agent
ultimately participates in a recreation center class, she is active
for 50 minutes [12] at an intensity of approximately 6.5
metabolic equivalents [16].

Representations of Digital Health App
In the model, we represent a digital health app that helps locate
and send reminders about in-person recreation center classes to
increase the agents’ likelihood of participation (Figure 1). This
mobile app uses a database of public locations that have been
previously identified as locations for PA, such as recreation
centers in the case of this paper. Once this registry is verified,
a geofence—a geographic boundary—can be created within the
mobile app with a set distance surrounding the chosen location;
in this case, our simulated app searched for recreation centers
within 0.5 miles of the user. When the simulated mobile app
detects that the user is within this defined boundary, it will
generate a notification that will alert the user of the available
resources in the area. Unlike existing fitness apps, this digital
health app considers the geographic location of the user and the
recreation centers to connect agents with recreation center
classes that align with their neighborhood environment and
schedules; prompts users to remind them about upcoming classes
https://www.jmir.org/2022/8/e30581
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and what equipment they will need; and provides individually
tailored information about class time, location, and necessary
equipment to maximize user engagement (Figure 1). If an agent
has a smartphone, downloads the app, and opts into notifications
(Multimedia Appendix 1, Table S1), the app will send a question
each evening asking the user which activity or class she would
like to participate in the following day, thereby increasing an
agent’s knowledge of class schedules. After selecting the class,
agents will receive a notification with a reminder of the class’s
time, location, and activity, as well as a reminder to bring clothes
or equipment, thereby increasing an agent’s probability of being
prepared for and attending class. When representing the digital
health app, we introduced it at the beginning of the 5-year
simulation, but not all participants continued to use the app for
the entire simulation duration (eg, we represented attrition,
people discontinuing app use, during the 3 months following
the introduction of the app; Multimedia Appendix 1, Table S1).

Representations of Engagement With the Digital
Health App
Since only a certain percentage of the population may be aware
that the app is available, we varied the proportion of women
across the population who, in a given scenario, were aware of
the app, subsequently downloaded the app, and then opted into
push notifications (25%-75%). This means, 25%
(41,839/167,356) of women are aware of the app, 25%
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(10,460/41,841) of those who are aware download it, and 25%
(2615/10,460) of those who download it receive regular push
notifications from the app. We ranged this to 75%
(125,517/167,356) of women aware of the app, 75%
(94,138/125,517) of those who are aware download it, and 75%
(70,603/94,138) of those who download it opt into the app’s
push notifications. Varying the level of user engagement across
a range can help identify the thresholds of app engagement that
result in observable and statistically significant impacts on PA
and weight.

Simulation Experiments
We used the model of Washington, DC to simulate the impact
of a digital health app on in-person recreation center class
participation, recreation center class PA (minutes per week),
subsequent changes in BMI, as well as the prevalence of obesity
and the state of having overweight. Each simulation experiment
consisted of running the model of Washington, DC and all
167,356 computer model–based agents, 10 times over 5
simulated years.

Validation
Validation consisted of comparing different model-generated
metrics to observed values to determine if the model was
representing what was occurring. For example, when we ran
simulation runs, we saw that, on average, 2.1% (3514/167,356)
of women were participating in recreation center classes daily
compared to the observed 3.8% from the 2017 American Time
Use Survey [17]. Since the people who exercised on one day
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will not necessarily be the same people who exercised on a
different day, there will be a certain proportion of the population
that exercised at least once over the course of the month. Thus,
we also simulated the average percentage of women
participating in recreation center classes at least once on a
monthly basis (19.1% [31,965/176,356]) and compared this to
the observed proportion of women participating in workout
class activity on a monthly basis (16.1%), as reported by the
Behavioral Risk Factors Surveillance System [18]. The
model-generated data generally matched the observed data, and
the differences are likely due to differences between populations
and the classes available to that population. Further model
validation details are available in Multimedia Appendix 1.

Results
No Mobile App
Table 1 shows PA from recreation center classes and
weight-related outcomes after 5 years with no mobile app for
different baseline probabilities to exercise. Figure 2 shows how
the percent of women who exercised at least once in the
simulation when there was no app varied by the Washington,
DC ward. For example, Ward 6 had the highest percent of the
population who exercised at least once (69.1% [4331/20,739],
95% CI 68.9%-69.2%), while Ward 7 had the lowest (48%
[15,710/32,729], 95% CI 47.9%-48.0%) when there was no
mobile app (25% [25/100] baseline probability to exercise).
This trend in ward-level variation was consistent across all
baseline exercise probabilities.
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Table 1. Physical activity, overweight, obesity, BMI outcomes by baseline probability to exercise for different scenarios (eg, with and without digital
health app).
Simulation scenarios at
each baseline probability
to exercise

Percent of population exercising at
recreation centers,
mean (95% CI)

Average number of
physical activity
Overweight preva- Obesity prevamin/week, mean
lence, mean (95% lence, mean (95% Average BMI,
(95% CI)
CI)
CI)
mean (95% CI)

Average BMI
among women
with obesity, mean
(95% CI)

36.97 (34.4539.50)

10% (10/100) baseline probability to exercise
No digital health app

58.66 (54.6562.67)

24.44 (23.9124.97)

56.10 (54.5657.64)

30.16 (29.8630.45)

34.20 (34.0034.41)

Introducing place-tailored digital health app
25%-25%-25%a

58.91 (54.8762.94)

37.26 (34.7139.81)

24.42 (23.8824.96)

56.09 (54.5357.65)

30.15 (29.8630.45)

34.21 (34.0034.43)

50%-50%-50%b

61.09 (56.9265.26)

39.83 (37.1242.54)

24.45 (23.9124.98)

55.67 (54.1557.19)

30.07 (29.7830.36)

34.16 (33.9434.37)

75%-75%-75%c

65.10 (60.6469.56)

44.45 (41.4147.50)

24.70 (24.2125.20)

54.68 (53.1256.25)

29.90 (29.6030.19)

34.04 (33.8334.26)

52.84 (49.2356.45)

25.52 (25.0426.01)

52.75 (51.0654.43)

29.56 (29.2729.86)

33.81 (33.6134.01)

25% (25/100) baseline probability to exercise
No digital health app

58.67 (54.6662.68)

Introducing place-tailored digital health app
25%-25%-25%a

58.92 (54.8962.94)

53.25 (49.6156.89)

25.54 (25.0426.04)

52.62 (50.9154.33)

29.56 (29.2629.86)

33.83 (33.6234.05)

50%-50%-50%b

61.17 (56.9965.35)

56.98 (53.0960.88)

26.24 (25.6826.80)

51.25 (49.4753.04)

29.44 (29.1429.74)

33.83 (33.6234.03)

75%-75%-75%c

65.10 (60.6469.55)

63.52 (59.1867.87)

27.72 (27.0528.40)

48.66 (46.7550.56)

29.23 (28.9229.54)

33.82 (33.6334.02)

86.33 (80.4392.22)

27.88 (26.3629.39)

44.42 (41.6347.20)

28.38 (28.0628.70)

33.00 (32.8033.21)

50% (50/100) baseline probability to exercise
No digital health app

78.30 (72.9683.64)

Introducing place-tailored digital health app
25%-25%-25%a

78.22 (72.8683.58)

86.88 (80.9392.83)

28.24 (26.8129.67)

43.90 (41.2746.52)

28.38 (28.0528.71)

33.08 (32.8433.31)

50%-50%-50%b

78.25 (72.9083.60)

92.17 (85.8998.45)

28.57 (27.1729.96)

42.63 (40.0345.23)

28.24 (27.9128.57)

33.10 (32.8633.34)

75%-75%-75%c

78.29 (72.9583.63)

101.41 (94.48108.33)

29.40 (28.1530.66)

40.27 (37.7542.78)

28.00 (27.6528.34)

33.15 (32.9133.40)

a

25% (41,839/167,356) aware of the app, 25% (10,460/41,839) of those who are aware download the app, and 25% (2615/10,460) of those who download
it receive notifications.
b

50% (83,678/167,356) aware of the app, 50% (48,725/83,678) of those who are aware download the app, and 50% (26,799/48,725) of those who
download it receive notifications.
c

75% (125,517/167,356) aware of the app, 75% (94,138/125,517) of those who are aware download app, and 75% (70,603/94,138) of those who
download it receive app notifications.
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Figure 2. Percent of women exercising with and without the mobile app within each ward in Washington, DC.

Impact of Introducing a Place-Tailored Mobile App
That Connects Users to Recreation Center Classes
With lower levels of user engagement with the mobile phone
app, that is 25% aware of app (41,839/167,356), 25% of those
aware download app (10,460/41,839), and 25% (2615/10,460)
of those who download it receive app notifications, the app had
a negligible and nonsignificant impact on the additional minutes
of PA (<1 minute), on the additional percent of women who
ever exercise (0.2% [335/167,356]; Figure 2), and on reductions
in obesity prevalence (0.1% [167/167,356]). Thus, even lower
levels of app engagement (eg, below 25% [25/100]) would have
no effect on physical activity and weight.
Increasing user engagement to approximately 50% (eg, 50%
aware [83,678/167,356], 58.23% [48,725/83,678] of those who
are aware download the app [19], and 55% [26,799/48,725] of
those who download it receive regular push notifications [20])
resulted in moderate improvements to PA from recreation center
classes and weight-related outcomes across the population.
Figure 3 shows these observable changes to PA (panel A), BMI
(panel B), and overweight and obesity prevalence (panel C).
With a 10% (10/100) baseline probability of exercise, the PA
minutes per week increase by 2.9 minutes (95% CI –1.4 to 17.9),
BMI decreases by 0.09 kg/m2 (95% CI –0.56 to 0.39), and
obesity prevalence decreases by an absolute 0.43%
(720/167,356; 95% CI –2.7% to 2.93%) at the end of the 5-year
simulation. When baseline probability increases to 50%
(50/100), there are larger increases in weekly PA minutes (5.4
minutes, 95% CI –4.1 to 15.8), and larger reductions in BMI
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(0.14 kg/m2, 95% CI –0.67 to –0.4) and obesity prevalence
(1.8% [3012/167,356]; 95% CI –2.6% to 6.2%).
The percent of women attending at least one recreation center
class over the course of the simulation shows additional gains
between when the baseline probability to exercise is between
10% (10/100; 2.43% [4067/167,356], 95% CI –4.24% to 9.1%)
and 25% (25/100; 2.5% [4184/167,356]; 95% CI –4.2% to
9.2%). When the baseline probability to exercise is 50%
(50/100), the percent of women exercising at least once hits a
ceiling of 78% (130,538/167,356) (increase of 0.05%
[84/167,356]; 95% CI –8.68% to 8.77%), due to the location
and accessibility of recreation centers for some women. Thus,
at lower probabilities to exercise (eg, 10%-25%), the app is
more effective at increasing the number of women participating
in at least one recreation center class (Figure 2). However,
additional PA minutes per week from recreation center classes
increase with baseline probability to exercise (eg, 4.14, 95% CI
–1.9 to 10.2 vs 5.9, 95% CI –4.1 to 15.7 minutes per week at
25% [25/100] and 50% [50/100] baseline probabilities to
exercise, respectively; Figure 3). Figure 3 also shows how
reductions in BMI and overweight and obesity prevalence due
to app use accrue over time during the 5-year simulation.
Further increasing app engagement to 75%, with 75%
(125,517/167,356) of women aware of the app, 75%
(94,138/125,517) of those who are aware downloading the app,
and 75% (70,603/94,138) of those who download it opting into
the app’s push notifications resulted in statistically significant
gains to PA and reductions in obesity prevalence. For example,
weekly PA increased by 10.7 (95% CI 4.2-17.2) minutes per
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week, and obesity prevalence decreased by an absolute 4.09%
(6,845/167,356; 95% CI 1.2%-7.0%) with 25% baseline exercise
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probability (Table 1).

Figure 3. Impact of mobile app on physical activity, BMI, as well as overweight and obesity prevalence at each baseline probability to exercise. Rec:
recreation.

Ward-Level Impact of Place-Tailored Mobile App
The results varied substantially by ward. For example, at 25%
(25/100) baseline probability to exercise (assuming 50%
[83,678/167,356] aware, 50% [48,725/83,678] of those who are
aware downloading the app, and 50% [26,799/48,725] of those
who download it receiving app notifications), Ward 6 had the
highest absolute increase in average PA minutes per week (4.85,
95% CI 4.58-5.11), and the greatest reduction in average BMI
(–0.15 kg/m2, 95% CI –0.19 to –0.11). However, Ward 7 had
the lowest (3.39, 95% CI 3.24-3.53) increase in PA minutes per
week and the smallest reduction in BMI (–0.09 kg/m2; 95% CI
–0.12 to –0.06). Changes in overweight and obesity prevalence
also varied between wards and decreased by as much as 2.6%
(539/20,739; 95% CI 2.3%-2.9%) in Ward 6, where participation
in recreation center classes was highest and as little as 1.9%
(622/32,729; 95% CI 1.7%-2.1%) in Ward 7 (25% baseline
exercise probability).
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Discussion
Principal Findings
Our simulation model of African American women in
Washington, DC, and their use of a place-tailored digital health
app to help identify recreation center classes shows that the app
does not result in substantive population-wide health effects at
lower levels of app engagement (eg, 25% of women are aware
of the app, 25% of those aware of the app download it, and 25%
of those who download it receive regular push notifications
from the app). When 50% of women are aware of the app,
58.23% of those who are aware download the app, and 55% of
those who download it receive regular push notifications from
the app, there are observable changes in PA and weight across
the population, but the impact is not statistically significant. For
the app to result in statistically significant increases in PA and
reductions to obesity prevalence over 5 years, there needs to be
at least 75% of women who are aware of the app, 75% of those
aware of the app downloading it, and 75% of those who
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download it opting into the app’s push notifications. Thus, we
demonstrated the minimum levels of engagement needed at the
outset of a mobile phone app campaign (approximately 50%
aware of the app, 50% of those who are aware download the
app, and 50% of those who download it receive app
notifications, assuming reductions in use over the first 3 months)
to observe a change in PA and weight across the population.
Studies have shown how perceived usefulness of an app,
user-friendliness, backing from health care professionals, and
continued engagement impact app usage [26,27] could be
addressed through a structured marketing and communications
strategy. Thus, future interventions should prioritize efforts to
increase marketing for the place-tailored app to increase the
percent of women who are aware of and use the app to reach
the impactful threshold of engagement and obtain further
benefits.
Further, our results show that a place-tailored app is more likely
to be successful in increasing PA in those who already have a
higher likelihood to exercise. While the results showed that the
app was successful at encouraging individuals who have a low
baseline probability (eg, 10% [10/100] and 25% [25/100]) to
exercise to attend at least one new class over the course of the
simulated period, this alone was not enough to drive a sustained
change in regular exercise. The app did a better job at increasing
the average duration of PA each week as baseline probability
to exercise increased. This indicates that improving knowledge
of recreation center classes, while important, should be coupled
with interventions to help overcome personal and social barriers
(eg, limited social support for PA or time constraints) that
determine baseline exercise probability [28,29]. Place-tailored
digital health apps could potentially address some of these
barriers through the release of new features and functionality
such as a social networking component [30,31].
Regardless of user engagement with the app, place-tailored
digital health apps need to be combined with increasing physical
access to recreation centers to see greater than additive effects
in PA and subsequent health outcomes. There is a limit to a
place-tailored app’s impact because some individuals cannot
access recreation centers due to the distance and lack of
transportation (eg, access to car) from their home location. As
shown in our results, there are clear disparities in the success
of the app in improving health outcomes in neighborhoods with
greater access to recreation centers (with nearly a 1.4-fold
increase in the use of recreation center classes in these
neighborhoods [eg, Ward 6]) compared to neighborhoods with
less accessible recreation centers (eg, Ward 7), even with 75%
of women who are aware of the app, 75% of those aware of the
app download it, and 75% of those who download it opt into
the app’s push notifications. Past studies have shown that
lower-income neighborhoods in many cities around the United
States have less accessible PA locations and recreation centers
[32]. Therefore, it is important for public health administrators
and park and recreation agencies to consider pairing this type
of digital health technology with improvements to recreation
center access such as changes to the built environment,
perceived safety, or transportation.
Our results also show that it takes time for the effect of the
place-tailored mobile app to fully manifest (>2 years). In
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general, 1 year is not enough time to see an impact on BMI and
overweight and obesity prevalence, as population-level effects
on weight and subsequent health benefits accrue over years.
This shows the need to continuously measure the value of
intervention programs over a period of several years, since
reductions in overweight and obesity prevalence may not be
demonstrated immediately, and effective interventions may
wrongly be deemed unsuccessful if evaluated too early.
Accounting for this ramp-up period is important, as it can also
take time for a new technology to be adopted and used. Our
results show that the speed of the reduction in overweight and
obesity prevalence in the population increases year after year
as adoption rates increase, revealing a potential opportunity to
increase momentum as more users adopt similar place-tailored
digital health technology.
In addition to being able to simulate extended periods of time,
another benefit of simulation modeling is that it can be adapted
and refined over time. For example, simulation modeling can
be used in conjunction with clinical trials [33,34] so that the
model can continuously inform digital health phone app design
and multipronged PA interventions. The simulation model can
be run first, to help determine the impact of an app, which can
then inform the implementation of a trial. Data and information
from the trial can then further update the model. This iterative
process can continue until the app or intervention is optimally
designed.

Limitations
All models are simplifications of reality and cannot account for
all possible factors that may affect PA decision-making. Our
model included a few simplifying assumptions. For example,
we did not account for objective accessibility to a recreation
center near a woman’s workplace and used the objective
accessibility near the home as a proxy. In addition, since we
wanted to demonstrate how to design an app that harnesses
geographic location and the value of such an app, our study
focused on the app locating and reminding individuals about
in-person classes, rather than web-based classes. However, such
an app may offer similar benefits for web-based classes such
as reminding individuals about when classes are scheduled and
what equipment is needed, while reducing potential geographic
barriers to exercise. We also assumed that in-person classes are
available (eg, not during a public health emergency such as the
COVID-19 pandemic). When determining body weight changes
for each woman, we assumed that compensatory eating did not
occur. Our model simulated behavior of and used data specific
to Washington, DC African American women, which may limit
generalizability to other populations or geographic areas.

Conclusions
Our study shows that a digital health app that helps identify
recreation center classes does not result in substantive
population-wide health effects at lower levels of app engagement
(eg, 25% of women who are aware of the app, 25% of those
who are aware of the app download it, and 25% of those who
download it receive regular push notifications from the app).
For the app to result in statistically significant increases in PA
and reductions to obesity prevalence over 5 years, there needs
to be at least 75% of women aware of the app, 75% of those
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aware of the app download it, and 75% of those who download
it opt into the app’s push notifications. Even so, the app cannot
fully overcome lack of access to recreation centers, and
therefore, public health administrators as well as parks and
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recreation agencies might consider incorporating this type of
technology into multilevel interventions that also target the built
environment and other social determinants of health.
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Abstract
Background: Questionnaires have been used in the past 2 decades to predict the diagnosis of vertigo and assist clinical
decision-making. A questionnaire-based machine learning model is expected to improve the efficiency of diagnosis of vestibular
disorders.
Objective: This study aims to develop and validate a questionnaire-based machine learning model that predicts the diagnosis
of vertigo.
Methods: In this multicenter prospective study, patients presenting with vertigo entered a consecutive cohort at their first visit
to the ENT and vertigo clinics of 7 tertiary referral centers from August 2019 to March 2021, with a follow-up period of 2 months.
All participants completed a diagnostic questionnaire after eligibility screening. Patients who received only 1 final diagnosis by
their treating specialists for their primary complaint were included in model development and validation. The data of patients
enrolled before February 1, 2021 were used for modeling and cross-validation, while patients enrolled afterward entered external
validation.
Results: A total of 1693 patients were enrolled, with a response rate of 96.2% (1693/1760). The median age was 51 (IQR 38-61)
years, with 991 (58.5%) females; 1041 (61.5%) patients received the final diagnosis during the study period. Among them, 928
https://www.jmir.org/2022/8/e34126
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(54.8%) patients were included in model development and validation, and 113 (6.7%) patients who enrolled later were used as
a test set for external validation. They were classified into 5 diagnostic categories. We compared 9 candidate machine learning
methods, and the recalibrated model of light gradient boosting machine achieved the best performance, with an area under the
curve of 0.937 (95% CI 0.917-0.962) in cross-validation and 0.954 (95% CI 0.944-0.967) in external validation.
Conclusions: The questionnaire-based light gradient boosting machine was able to predict common vestibular disorders and
assist decision-making in ENT and vertigo clinics. Further studies with a larger sample size and the participation of neurologists
will help assess the generalization and robustness of this machine learning method.
(J Med Internet Res 2022;24(8):e34126) doi:10.2196/34126
KEYWORDS
vestibular disorders; machine learning; diagnostic model; vertigo; ENT; questionnaire

Introduction
Dizziness and vertigo are the major complaints of patients with
vestibular disorders, with an estimated lifetime prevalence of
dizziness (including vertigo) of 15%-35% [1]. Dizziness and
vertigo are incapacitating and considerably impact patients’
quality of life. These conditions often lead to activity restriction
and are closely associated with psychiatric disorders such as
anxiety, phobic, and somatoform disorders [1-3]. Patients with
dizziness and vertigo are also at a higher risk of falls and
fall-related injuries, especially older people [4]. However, the
diagnosis of vestibular disorders is challenging and
time-consuming. It involves a variety of vestibular and
neurological causes and complex pathological processes, leading
to misdiagnosis and potentially widespread overuse of imaging
among vertiginous patients [5-8]. Consequent delays in
diagnosis can worsen the functional and psychological
consequences of the disease.
The application of artificial intelligence in diagnosing dizziness
and vertigo dates back more than 30 years. Expert systems such
as Vertigo [9], Carrusel [10], and One [11] consist of knowledge
bases with fixed diagnostic rules. They infer through
nonadaptive algorithms that were unable to learn from patients’
data. Different machine learning algorithms, including genetic
algorithms, neural networks, Bayesian methods, k-nearest
neighbors, and support vector machines, have also been
employed to analyze patient data from One [12-16]. The
predictive accuracy was 90%-97% for 6 common otoneurologic
diagnoses and 76.8%-82.4% for 9 diagnostic categories.
EMBalance is a comprehensive platform that was launched in
2015 to assist the diagnosis, treatment, and evolution of balance
disorders by using ensemble learning methods based on decision
trees (Adaptive Boosting) [17,18]. There has been a shift from
pure knowledge-driven to data-driven methodology in
computer-aided diagnosis of vestibular disorders.
Except Vertigo, all of the models mentioned above are based
on patients’ medical history and examinations combined with
necessary tests, while in practice, patient history alone provides
important clues to possible diagnosis and further evaluation
[19]. Numerous questionnaires for dizziness and vertigo have
emerged during the past 2 decades to assist the clinical diagnosis
of vestibular disorders [20-27]. Most of these studies used
simple statistical models, typically logistic regression, validated
with the same data as modeling [26-28]. Few studies have tried
to apply machine learning algorithms. However, the accuracy
https://www.jmir.org/2022/8/e34126
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of these models was not as good as that of simple statistical
models owing to small data sets or inappropriate choice of
modeling data [29,30].
This study is part of the Otogenic Vertigo Artificial Intelligence
Research (OVerAIR) study, in which the overarching purpose
is to build a comprehensive platform that integrates diagnosis,
treatment, rehabilitation, and follow-up in a cohort of patients
with otogenic vertigo by using artificial intelligence. The
specific aims of this study include developing and verifying a
diagnostic platform for vertigo and assisting clinical
decision-making by using machine learning techniques and
further exploring the effectiveness and clinical utility of the
proposed platform.

Methods
Study Design
Patients presenting with a new complaint of vertigo or dizziness
according to the classification of vestibular symptoms by the
Barany Society [31] were enrolled consecutively from the ENT
and vertigo clinics of Eye & ENT Hospital of Fudan University,
The Second Hospital of Anhui Medical University, The First
Affiliated Hospital of Xiamen University, Shengjing Hospital
of China Medical University, Shanghai Pudong Hospital,
Shenzhen Second People’s Hospital, and The First Affiliated
Hospital of Chongqing Medical University from August 2019
through March 2021. At their first interview with an ENT
specialist, patients completed the electronic version of the
questionnaire via a tablet or smartphone after giving informed
consent. Those who were unable to read and complete the
questionnaire by themselves answered the questions read by
the researchers. We did not interfere with the normal medical
procedures of the patients. Patients were scheduled for a next
visit as the specialist considered necessary; therefore, they did
not stick to a fixed follow-up time.

Ethics Approval
This study was approved by the Institutional Review Boards of
all participating centers (approval 2019091). This study followed
the Transparent Reporting of a Multivariable Prediction Model
for Individual Prognosis or Diagnosis reporting guidelines [32].

Outcomes
Each patient went through routine history collection followed
by complete otoneurological examinations, and further workup
(ie, pure tone audiometry, vestibular testing, computed
J Med Internet Res 2022 | vol. 24 | iss. 8 | e34126 | p.995
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tomography, and magnetic resonance imaging) was prescribed
when necessary. The clinical diagnosis given by ENT specialists
with more than 5 years of clinical experience who were blinded
to questionnaire responses was used as the reference diagnosis.
The reference diagnostic standards include practice guidelines
for benign paroxysmal positional vertigo (BPPV) by the
American Academy of Otolaryngology-Head and Neck Surgery
[33] and diagnostic criteria for vestibular disorders (including
vestibular migraine [34], Meniere disease [35], persistent
postural-perceptual dizziness [36], vestibular paroxysmia [37],
and bilateral vestibulopathy [38]) by the Barany society. Patients
with typical clinical features who did not meet the criteria of
definite diagnosis were given probable diagnosis. Patients
without a specific diagnosis within 2 months or who stopped
coming for visits before reaching a final diagnosis were labeled
undetermined.

validation sets by 7:3, which were repeated 100 times with
replacement [48]. Models were trained on the training set and
evaluated based on the prediction performance on the validation
set. The best model was selected and tuned based on the average
prediction performance over the 100 validation set. The area
under the curve (AUC) was used to evaluate the performance
of the models. In multiclass prediction, sensitivity, specificity,
likelihood ratio, and AUC were calculated through a one-vs-rest
scheme (microaverage). Then, recalibration was performed
using calibration curves [49] and Brier scores [50] to adjust the
difference between the predicted probability and observed
proportion of each diagnostic category. External validation was
performed using the data of the newest patients in the cohort
(enrolled during the last 2 months), which constituted the test
set. The 95% CIs of all the metrics were calculated through
bootstrapping.

Questionnaire Development

The missing values of Boolean variables were imputed with
False in the main results, and sensitivity analysis was conducted
by comparing different imputation strategies (ie, without
imputation or imputation with True). All machine learning
algorithms were implemented in Python, and the code is
available in online resources. Hyperparameters are set to default
according to the state-of-art machine learning package: sklearn.

The diagnostic questionnaire was developed through an iterative
process that mainly consisted of the following 3 stages.
1.

2.

3.

Focus group and panel meeting: First, a focus group
discussion and 3 follow-up panel meetings were convened
to identify the commonly seen peripheral vestibular
disorders in ENT clinics. In this process, 16 disorders were
identified and the featured manifestations of each disorder
were listed. The literature of diagnostic or practice
guidelines for each disorder was searched and the pertinent
ones were carefully reviewed. After that, the initial
questionnaire composed of 43 items was drafted.
Patient interview: Fifteen patients who presented with
vertigo in our ENT clinic were interviewed for the
understandability and easiness of filling out the
questionnaire. Two patients reported that it was too long
and time-consuming. Another 3 complained of being asked
too many questions such as heart disease and medication
taken, which seemed unrelated to their vertigo condition.
At this stage, the wording of the questionnaire was
thoroughly simplified and 6 questions were deleted.
Expert group meeting: At a national conference, 12 experts
(from ENT, neurology, vestibular examination, and
rehabilitation) were invited to evaluate the suitability and
clarity of the questionnaire, and they put forward
suggestions for further revision. During this process, the
items were reordered and some were combined or omitted.

Statistical Analysis
We compared 9 candidate machine learning methods to screen
for the one with the best performance. Five non–ensemble
learning algorithms were considered, namely, decision tree [39],
ridge regression [40], logistic regression (with L2-regularization)
[41], support vector classification [42], and support vector
classification with stochastic gradient descent [43]. Ensemble
learning refers to a general meta approach that strategically
improves predictive performance by combining the predictions
from multiple models. Four of the ensemble learning methods
were implemented, namely, random forest [44], Adaptive
Boosting [45], gradient boosting decision tree [46], and light
gradient boosting machine (LGBM) [47]. We took bootstrapped
cross-validation that randomly sampled data into train and
https://www.jmir.org/2022/8/e34126
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Robustness and Sample Size Analysis
As a data-driven prediction approach for boosting clinical
diagnosis, it is necessary to verify that the number of samples
is enough for model development and validation. Following
Riley [51] and Riley et al [52], we quantified the sufficiency of
sample size in terms of the global shrinkage factor and the
minimal number of samples. The criterion of enough sample
size is to ensure a shrinkage factor >0.9. Further, given the
acceptable shrinkage factor (eg, 0.9), the necessary size of the
samples to develop a prediction model can be estimated based
on the Cox-Snell ratio of explained variance.
Further, the increased flexibility of modern techniques implies
that larger sample sizes may be required for reliable estimation
compared with classical methods such as logistic regression.
Thus, we followed the approach of van der Ploeg et al [53] to
evaluate our best model LGBM’s sensitivity on sample size.
The training set is of different sizes and subsampled from the
development set. Each training set size is repeated 30 times to
eliminate randomness, while the average AUC measures the
performance on the test set.

Important Variables
To measure the importance of variables, we first evaluated
multivariate feature importance according to information gains
in cross-validation and selected the top 20 important variables.
Then, to figure out feature importance in individual diagnostic
categories, each selected variable was used to predict the 5
diagnostic categories independently, and univariate variable
importance was measured in terms of AUC.
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The final questionnaire consists of 23 items that incorporated
branching logic. The full version of the questionnaire is available
in Multimedia Appendix 1. The contents of the items are shown
in Textbox 1.

Textbox 1. Items in the diagnostic questionnaire.
•

One question on the characteristic of the symptom: was the head spinning or not? If not, then the kind of dizziness needs to be specified
(heavy/muddled head, staggering, or other)

•

Three questions on the frequency, duration, and duration it has been since the first vertigo attack

•

One question on the condition of hearing loss, that is, which side and how it changes

•

Three questions on the condition of tinnitus, aural fullness, and earache, that is, which side and whether it changes before and after the attack
should be specified (aggravate before/during the attack, relieve after the attack)

•

One question on the presence of headache, specifically the time of headache attack and relevant family history

•

One question on accompanied photophobia or phonophobia

•

One question on unsteadiness during, after, or without vertigo attacks

•

One question on whether symptoms worsen when standing or walking

•

Two questions on the condition of fall, consciousness state, and whether there was incontinence during the attack

•

Five questions on the triggering factors of vertigo, that is, lying down, turning over, getting up quickly, holding breath, loud stimulation, in some
special scenes, special foods or smells, fatigue, insomnia, and getting angry

•

One question on whether it is cervical vertigo, that is, upper limb numbness and pain or neck pain

•

One question on prodrome, that is, cold, fever, and diarrhea before onset

•

One question on the medical history of otological disorders, that is, otorrhea, otitis media, ear surgery

•

One question on head and neck trauma and surgery history

Demographic Characteristics of the Participants
A prospective cohort of 1693 patients was enrolled from the
ENT and vertigo clinics of 7 participating centers (Table 1).
The response rate was 96.2% (1693/1760, 67 declined
participation). Of the 1693 enrolled patients, 1041 (61.5%)
received 1 final diagnosis by the treating specialists, 14 (0.8%)
had more than one diagnosis, 145 (8.6%) had a probable
diagnosis, while the other 493 (29.1%) did not receive the final
diagnosis within 2 months. The final diagnoses were found to
be unevenly distributed. The most common diagnoses were
BPPV, vestibular migraine, sudden sensorineural hearing loss
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with vestibular dysfunction (SSNHL-V), and Meniere disease.
Since only patients with 1 final diagnosis were included in the
model development and validation, 1041 patients (median age
50 [IQR 38-61] years, 608 [58.4%] females) in the 5 diagnostic
categories were included in the model development and
validation. Less frequent diagnoses with no more than 20 cases
were labeled as “others” for the moment because there were not
sufficient cases for them to form separate categories.
Of the 1041 patients, 928 were classified into the training set
(for modeling and cross-validation) and 113 were included in
the test set (Table 2). Figure 1 shows the study flowchart. The
details of the training set and test set are described in Table 2.
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Table 1. Demographic characteristics of the participants (N=1693).
Characteristic

Value

Age (years), median (IQR)

51 (38-61)

Sex, n (%)
Female

991 (58.5)

Male

702 (41.6)

Diagnoses, n (%)
Benign paroxysmal positional vertigo

398 (23.5)

Vestibular migraine

203 (12)

Meniere disease

194 (11.5)

Sudden sensorineural hearing loss with vestibular dysfunction

173 (10.2)

Othersa

73 (4.3)

Multiple diagnosis

14 (0.8)

Probable diagnosis

145 (8.6)

Undetermined

493 (29.1)

a

This category included vestibular neuritis, persistent postural-perceptual dizziness, psychogenic dizziness, delayed endolymphatic hydrops, vestibular
paroxysmia, cervicogenic vertigo, acoustic neuroma, presbyvestibulopathy, light cupula, Ramsay-Hunt syndrome, labyrinthine fistula, and superior
semicircular canal dehiscence syndrome.
Table 2. Characteristics of the training data set and test set.
Characteristic

Training set (n=928)

Test set (n=113)

Age (years), median (IQR)

50 (37-60)

53 (41-63)

Female

536 (57.8)

72 (63.7)

Male

392 (42.2)

41 (36.3)

Benign paroxysmal positional vertigo

348 (37.5)

50 (44.2)

Vestibular migraine

182 (19.6)

21 (18.6)

Meniere disease

168 (18.1)

26 (23)

Sudden sensorineural hearing loss with vestibular
dysfunction

164 (17.6)

9 (8)

Othersa

66 (7.1)

7 (6.2)

Sex, n (%)

Diagnoses, n (%)

a

This category included vestibular neuritis, persistent postural-perceptual dizziness, psychogenic dizziness, delayed endolymphatic hydrops, vestibular
paroxysmia, cervicogenic vertigo, acoustic neuroma, presbyvestibulopathy, light cupula, Ramsay-Hunt syndrome, labyrinthine fistula, and superior
semicircular canal dehiscence syndrome.
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Figure 1. Patients with a new vertigo or dizziness complaint were screened between August 2019 and March 2021. Diagnoses were recorded within
2 months of follow-up.

Development and Validation of the Model
The LGBM model had the highest AUC of 0.937 (95% CI
0.917-0.962) and the lowest Brier score of 0.057 (95% CI
0.049-0.068) among the 9 models in cross-validation (Table 3).
Therefore, it was recalibrated and used as the final predictive
model.
For sensitivity analysis, when imputing the missing value with
mode (the most frequent label), the AUC and Brier score of all
9 methods dropped (Table 4). Note that LGBM does not rely
on imputation methods; therefore, it can directly utilize the
information from missing to achieve a better prediction
performance. LGBM without imputation performs as well as
the recalibrated LGBM (imputed with 0), which verifies the
robustness of our method. Ensemble learning methods
performed better than non–ensemble learning methods except
logistic regression with LASSO in cross-validation, indicating
that the introduction of ensemble learning in vertigo diagnosis
is effective across specific ensemble approaches. Further, LGBM
performs better than other methods in AUC and Brier scores.
The receiver operating characteristic curves of the recalibrated
LGBM model in cross-validation are shown in Figure 2. Table
5 presents the AUC, sensitivity, specificity, likelihood ratios,
and accuracy in different diagnostic categories in both cross
and external validation. The model made highly accurate
prediction for SSNHL-V (AUC>0.98, positive likelihood ratio
[+LR]>20, negative likelihood ratio [–LR]<0.05), accurate
prediction for BPPV and Meniere disease (AUC>0.95,
sensitivity>0.8, specificity>0.9, accuracy>0.9, +LR>10,
–LR<0.2), and showed fair discriminative ability for vestibular
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migraine (AUC 0.9, 95% CI 0.87-0.92). The prediction of other
diagnoses was unstable owing to the limited sample size and
great heterogeneity in this category, with an AUC ranging from
0.771 to 0.929 in cross-validation and 0.879 to 0.957 in external
validation.
Calibration curves in cross-validation (Figure 3) properly
estimated the probability of Meniere disease and vestibular
migraine and slightly underestimated the probability of
SSNHL-V and BPPV. The predictions for other diagnoses were
relatively conservative, as it was less likely to give probabilities
close to 0 or 1. The Brier score was 0.058 (95% CI 0.049-0.068)
in cross-validation, which suggested that the predicted
probabilities fitted well with the actual proportions of the
diagnoses. We also applied our methods to the external data
set. The results indicated that the selected best model, LGBM,
was of generalization ability in predicting vertigo diagnosis,
achieving an AUC of 0.958 (95% CI 0.951-0.969). Meanwhile,
LGBM also performed better than the second-best method,
logistic regression, which achieved an AUC of 0.939 (95% CI
0.925-0.956) in external validation. The multivariable feature
importance in terms of information gain is shown in Table 6.
The analysis of the global shrinkage factor of each diagnostic
category and sensitivity analysis results indicated that the sample
size of this study is sufficient for model development. See
Multimedia Appendix 2 for more details of sample size analysis.
Then, to figure out feature importance in individual diagnostic
categories, each of the top 20 contributing variables in Table 6
was used to predict the 5 diagnostic categories independently,
and univariate variable importance was measured in terms of
AUC (Figure 4).
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Table 3. The prediction performance of candidate algorithms.
Method

Area under the curve (95% CI)

Brier score (95% CI)

Decision tree

0.765 (0.726-0.798)

0.125 (0.104-0.146)

Ridge regression

0.803 (0.780-0.831)

0.087 (0.071-0.104)

Logistic regression

0.928 (0.907-0.956)

0.060 (0.051-0.069)

Support vector classification

0.501 (0.499-0.505)

0.239 (0.220-0.258)

Stochastic gradient descent

0.733 (0.611-0.824)

0.141 (0.083-0.254)

Random forest

0.924 (0.900-0.949)

0.063 (0.056-0.070)

Adaptive Boosting

0.851 (0.793-0.901)

0.148 (0.144-0.151)

Gradient boosting decision tree

0.925 (0.902-0.951)

0.064 (0.053-0.076)

Light gradient boosting machine

0.935 (0.913-0.960)

0.057 (0.047-0.067)

Recalibrated light gradient boosting machine

0.937 (0.917-0.962)

0.058 (0.049-0.068)

Non–ensemble learning

Ensemble learning

Table 4. Performance of different algorithms while imputing missing data with mode.
Method

Area under the curve (95% CI)

Brier score (95% CI)

Decision tree

0.746 (0.690-0.791)

0.137 (0.114-0.169)

Ridge regression

0.788 (0.733-0.817)

0.096 (0.076-0.121)

Logistic regression

0.921 (0.900-0.943)

0.067 (0.057-0.082)

Support vector classification

0.500 (0.500-0.500)

0.240 (0.222-0.258)

Stochastic gradient descent

0.727 (0.578-0.819)

0.148 (0.090-0.251)

Random forest

0.919 (0.896-0.939)

0.068 (0.061-0.078)

Adaptive Boosting

0.833 (0.741-0.887)

0.148 (0.143-0.156)

Gradient boosting decision tree

0.915 (0.888-0.935)

0.073 (0.059-0.093)

Light gradient boosting machine

0.929 (0.906-0.950)

0.062 (0.055-0.072)

Light gradient boosting machine (without imputation) 0.935 (0.916-0.956)

0.057 (0.049-0.065)

Non–ensemble learning

Ensemble learning

https://www.jmir.org/2022/8/e34126

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e34126 | p.1000
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Yu et al

Figure 2. The receiver operating characteristic curves (solid lines) with 95% CI (between 2 dashed lines) for each diagnostic category. The performance
of each diagnostic category was evaluated through one-vs-rest scheme. BPPV: benign paroxysmal positional vertigo; SSNHL-V: sudden sensorineural
hearing loss with vertigo.

Table 5. Predictive ability in different diagnostic categories.
AUCa (95% CI)

Sensitivity (95% CI) Specificity (95% CI) +LRb (95% CI)

–LRc (95% CI)

Accuracy (95% CI)

0.07 (0.01-0.14)

0.92 (0.89-0.95)

Benign paroxysmal positional vertigo
CVd

0.97 (0.96-0.99)

0.94 (0.87-0.99)

0.92 (0.85-0.97)

13.23 (6.55-29.3)

EVe

0.98 (0.97-0.99)

0.97 (0.92-1)

0.90 (0.83-0.94)

10.23 (5.88-17.92) 0.04 (0-0.09)

0.93 (0.90-0.96)

Vestibular migraine
CV

0.91 (0.87-0.94)

0.86 (0.76-0.95)

0.85 (0.74-0.95)

6.58 (3.56-13.93)

0.17 (0.07-0.27)

0.85 (0.78-0.92)

EV

0.9 (0.87-0.92)

0.66 (0.52-0.76)

0.90 (0.85-0.96)

7.38 (4.71-12.05)

0.38 (0.26-0.51)

0.86 (0.82-0.88)

Sudden sensorineural hearing loss with vertigo
CV

0.99 (0.97-1)

0.95 (0.88-1)

0.95 (0.90-0.99)

25.07 (9.39-67.93) 0.05 (0-0.12)

0.95 (0.91-0.98)

EV

1.00 (1.00-1.00)

1.00 (1.00-1.00)

0.98 (0.97-1.00)

Inff (34.67-Inf)

0.00 (0.00-0.00)

0.98 (0.97-1)

CV

0.96 (0.93-0.98)

0.92 (0.81-1)

0.90 (0.82-0.96)

10.79 (5.28-22)

0.09 (0-0.21)

0.90 (0.84-0.95)

EV

0.97 (0.97-0.98)

0.82 (0.69-0.88)

0.98 (0.95-0.99)

Inf (18.4-Inf)

0.19 (0.12-0.31)

0.94 (0.91-0.96)

CV

0.86 (0.77-0.93)

0.83 (0.66-1)

0.78 (0.55-0.93)

4.44 (2.10-9.77)

0.21 (0-0.44)

0.78 (0.57-0.91)

EV

0.92 (0.88-0.96)

0.74 (0.50-0.86)

0.90 (0.85-0.94)

7.59 (5.05-12.02)

0.38 (0.26-0.51)

0.89 (0.85-0.93)

Meniere disease

Others

a

AUC: area under the curve.

b

+LR: positive likelihood ratio.

c

–LR: negative likelihood ratio.

d

CV: cross-validation.

e

EV: external validation.

f

Inf: Positive likelihood ratio was infinity because specificity was 1.

https://www.jmir.org/2022/8/e34126

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e34126 | p.1001
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Yu et al

Figure 3. Calibration curves (blue solid lines) with pointwise 95% confidence limits (grey ribbon) on the validation data based on recalibrated light
gradient boosting machine model. BPPV: benign paroxysmal positional vertigo; SSNHL-V: sudden sensorineural hearing loss with vertigo.
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Table 6. Multivariable feature importance in light gradient boosting machine model.
Variable

Feature importance

Sudden hearing loss

1039.8

Duration of episodes

912.3

Hearing loss

694.8

Time since first onset

468.1

Trigger: getting up, lying down, or rolling over

358.0

Age

255.6

History of headache

250.6

Frequency of attacks

221.4

Fluctuating hearing loss

186.3

Photophobia or phonophobia

185.7

Time since first hearing loss

183.7

Recurring symptoms

155.9

Tinnitus

135.5

Ear fullness

135.4

Headache during attacks

117.7

Aggravated by standing or walking

80.4

Trigger: fatigue, lack of sleep

69.7

Vertigo

65.0

Pain or numbness in the upper limbs

62.4

Unsteadiness during attacks

59.5

Family history of headache

54.2

Male

54.1

Fall

47.3

Loss of consciousness, incontinence

44.6

Tinnitus: aggravated before an attack, alleviated after an attack

36.7

Trigger: visual stimuli

31.0

Trigger: sound and pressure

23.0

Unsteadiness: after first onset

22.4

Prodrome: cold, fever, vomiting, or diarrhea

22.0

Family history of dizziness

17.4

Trigger: certain foods

15.9

Otalgia

11.6

Conscious when falling

9.8

History of otitis media or ear surgery

7.2

Tinnitus: worsen during vertigo

4.5

Fluctuating: gradually worsen

0.0

Unsteadiness between attackss

0.0

Recent history of head and neck trauma or surgery

0.0
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Figure 4. Area under the curve in univariate prediction was used as the estimate of variable importance. AUC: area under the curve; BPPV: benign
paroxysmal positional vertigo; SSNHL-V: sudden sensorineural hearing loss with vertigo.

Discussion
Principal Findings
In this multicenter prospective cohort study, a questionnaire
was developed to diagnose vertigo, and an LGBM model was
developed using patients’ historical data collected through the
questionnaire. This is, to our knowledge, the first
questionnaire-based machine learning model to predict multiple
diagnoses of vertigo. Because all the patients in this study were
from ENT and vertigo clinics, the distribution of diagnoses
differs from that in previous studies conducted in neurology
and balance clinics [19-21,26]. There was a much higher
prevalence of SSNHL-V (173/1693, 10.2%) and a lower
prevalence of vestibular neuritis (22/1693, 1.3%) in our study.
Our
model
outperformed
previously
reported
questionnaire-based statistical models in predicting common
vestibular diagnoses [20,21,26]. A possible explanation is that
machine learning methods are better at dealing with potentially
nonlinear relationships and overfitting. Additionally, given the
subjectivity of patient-reported historical information,
data-driven models are better fits in questionnaire-based
prediction than knowledge-driven models [9,11,54,55].
Compared with previous machine learning diagnostic systems
https://www.jmir.org/2022/8/e34126
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that used comprehensive patient history data, physical
examination, and laboratory tests, our questionnaire-based
diagnostic model has its merits [13-17]. First, medical history
provides important clues to the cause of vertigo, based on which
the doctor will try to confirm or exclude a presumptive
diagnosis. Therefore, a questionnaire-based diagnostic tool can
provide early decision support according to patient history and
help reduce unnecessary workup. Further, since questionnaire
data come directly from patients, the model’s performance does
not rely on the accurate interpretation of patient history by
professionals. Besides, considering the limited accessibility of
specific tests (eg, pure tone audiometry, caloric test, video head
impulse test), a questionnaire requiring no special equipment
is suitable across different clinical settings. However, a
questionnaire-based diagnostic model also has intrinsic
limitations. Patient-reported medical history can be imprecise
because it can be easily affected by recall bias, misinterpretation,
emotional state of the patients, and other subjective factors.
Meanwhile, for patients with only nonspecific symptoms,
physical examination and laboratory testing are more important
diagnostic tools. Patient history should always be combined
with objective evidence to make a more reliable diagnosis.
Therefore, it is necessary to introduce physical examination and
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laboratory test results into the system in the future to make a
comprehensive stepwise diagnostic prediction.

Limitations
This study had the following limitations. The uneven distribution
of diagnoses made it difficult for the model to give accurate
predictions of rare diagnoses. In order to reduce potential noise,
we included only patients with 1 final diagnosis in modeling.
The exclusion of patients with undetermined diagnosis was a
potential source of bias. There were several reasons that these
patients did not receive a specific diagnosis. In some cases,
patients with BPPV might experience spontaneous remission
while waiting for the scheduled positional test and treatment
(1-2 weeks later), which also explains the relatively low
prevalence of BPPV in our cohort than that in other ENT clinics
[56]. The exclusion of these patients could reduce noise and
improve model performance. Besides, some patients only
experienced transient symptoms without observable structural,
functional, or psychological changes; therefore, no specific
diagnosis was given. Moreover, while a majority of patients
completed all the necessary examinations within the follow-up,
it was also possible that some rare causes were not determined
within 2 months, possibly adding to the imbalance of data.
Nevertheless, as the cohort expands, more patients with rare
diagnoses will be included, which will enable the model to

Yu et al
predict rare diagnoses with higher accuracy. We can also
manage the influence of imbalanced data during modeling.
Meanwhile, the observed AUC in external validation was higher
than that in cross-validation, which could be accounted for by
the relatively small sample size of the test set. More participants
with definite diagnosis are needed for providing further
validation. Finally, since this study was conducted in the ENT
and vertigo clinic of tertiary centers, the predictive power of
the model is yet to be verified in different clinical settings.

Conclusion
This study presents the first questionnaire-based machine
learning model for the prediction of common vestibular
disorders. The model achieved strong predictive ability for
BPPV, vestibular migraine, Meniere disease, and SSNHL-V by
using an ensemble learning method LGBM. As part of the
OVerAIR platform, it can be used to assist clinical
decision-making in ENT clinics and help with the remote
diagnosis of BPPV. We have also been working on a smartphone
app that integrates the questionnaire with referral, follow-up,
treatment, and rehabilitation to improve the health outcomes of
patients with vertigo. The next phase of the OVerAIR study
will involve the participation of neurologists, which is expected
to improve the model’s predictive ability for central vertigo and
help assess its generalization and robustness.
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Abstract
Background: Heart failure (HF) is a common disease and a major public health problem. HF mortality prediction is critical for
developing individualized prevention and treatment plans. However, due to their lack of interpretability, most HF mortality
prediction models have not yet reached clinical practice.
Objective: We aimed to develop an interpretable model to predict the mortality risk for patients with HF in intensive care units
(ICUs) and used the SHapley Additive exPlanation (SHAP) method to explain the extreme gradient boosting (XGBoost) model
and explore prognostic factors for HF.
Methods: In this retrospective cohort study, we achieved model development and performance comparison on the eICU
Collaborative Research Database (eICU-CRD). We extracted data during the first 24 hours of each ICU admission, and the data
set was randomly divided, with 70% used for model training and 30% used for model validation. The prediction performance of
the XGBoost model was compared with three other machine learning models by the area under the curve. We used the SHAP
method to explain the XGBoost model.
Results: A total of 2798 eligible patients with HF were included in the final cohort for this study. The observed in-hospital
mortality of patients with HF was 9.97%. Comparatively, the XGBoost model had the highest predictive performance among
four models with an area under the curve (AUC) of 0.824 (95% CI 0.7766-0.8708), whereas support vector machine had the
poorest generalization ability (AUC=0.701, 95% CI 0.6433-0.7582). The decision curve showed that the net benefit of the XGBoost
model surpassed those of other machine learning models at 10%~28% threshold probabilities. The SHAP method reveals the top
20 predictors of HF according to the importance ranking, and the average of the blood urea nitrogen was recognized as the most
important predictor variable.
Conclusions: The interpretable predictive model helps physicians more accurately predict the mortality risk in ICU patients
with HF, and therefore, provides better treatment plans and optimal resource allocation for their patients. In addition, the interpretable
framework can increase the transparency of the model and facilitate understanding the reliability of the predictive model for the
physicians.
(J Med Internet Res 2022;24(8):e38082) doi:10.2196/38082
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Introduction
Heart failure (HF), the terminal phase of many cardiovascular
disorders, is a major health care issue with an approximate
prevalence of 26 million worldwide and more than 1 million
hospital admissions annually in both the United States and
Europe [1]. Projections show that by 2030 over 8 million
Americans will have HF, leading to an increase of 46% from
2012 [2]. Each year, HF costs an estimated US $108 billion,
constituting 2% of the health care budget globally, and it is
predicted to continue to rise, yet half of it is possibly avoidable
[3]. As COVID-19 continues to spread across the world, HF, a
severe complication, is associated with poor outcome and death
from COVID-19 [4,5].
The critically ill patients in intensive care units (ICUs) demand
intensive care services and highly qualified multidisciplinary
assistance [6]. Although ICU plays an integral role in
maintaining patients’ life, this also implies the workforce
shortage, limited medical resources, and heavy economic burden
[7]. Therefore, early hospital mortality detection for patients is
necessary and may assist in delivering proper care and providing
clinical decision support [8].
In recent years, artificial intelligence has been widely used to
explore the early warning predictors of many diseases. Given
the inherent powerful feature of capturing the nonlinear
relationships with machine learning algorithms, more researchers
advocate the use of new prediction models based on machine
learning to support appropriate treatment for patients rather than
traditional illness severity classification systems such as SOFA,
APACHE II, or SAPS II [9-11]. Although a large number of
predictive models have shown promising performance in
research, the evidence for their application in clinical setting
and interpretable risk prediction models to aid disease prognosis
are still limited [12-15].
The purpose of our study is to develop an interpretable model
to predict the risk mortality for patients with HF in the ICU,
using the free and open critical care database—the eICU
Collaborative Research Database (eICU-CRD). In addition, the
SHapley Additive exPlanations (SHAP) method is used to
explain the extreme gradient boosting (ie, XGBoost) model and
explore prognostic factors for HF.

Methods
Data Source
The eICU-CRD (version 2.0) is a publicly available multicenter
database [16], containing deidentified data associated with over
200,000 admissions to ICUs at 208 hospitals of the United States
between 2014-2015. It records all patients, demographics, vital
sign measurements, diagnosis information, and treatment
information in detail [17].
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Ethical Considerations
Ethical approval and individual patient consent was not
necessary because all the protected health information was
anonymized.

Study Population
All patients in the eICU-CRD database were considered. The
inclusion criteria were as follows: (1) patients were diagnosed
with HF according to the International Classification of
Diseases, ninth and tenth Revision codes (Multimedia Appendix
1); (2) the diagnosis priority label was “primary” when admitted
to the ICU in 24 hours; (3) the ICU stay was more than 1 day;
and (4) patients were aged 18 years or older. Patients who had
more than 30% missing values were excluded [18].

Predictor Variables
The prediction outcome of the study is the probability of
in-hospital mortality, defined as patient’s condition upon leaving
the hospital. Based on previous studies [19-22] and experts’
opinion (a total of 6 independent medical professionals and
cardiologists in West China Hospital of Sichuan University),
demographics, comorbidities, vital signs, and laboratory findings
(Multimedia Appendix 2) were extracted from the eICU-CRD,
using Structured Query Language (MySQL) queries (version
5.7.33; Oracle Corporation). The following tables from
eICU-CRD were used: “diagnosis,” “intakeoutput,” “lab,”
“patient,” and “nursecharting.” Except for the demographic
characteristics, other variables were collected during the first
24 hours of each ICU admission. Furthermore, to avoid
overfitting, Least Absolute Shrinkage and Selection Operator
(LASSO) is used to select and filter the variables [23,24].

Missing Data Handling
Variables with missing data are a common occurrence in
eICU-CRD. However, analyses that ignore missing data have
the potential to produce biased results. Therefore, we used
multiple imputation for missing data [25]. All selected variables
contained <30% missing values. Data were assumed missing
at random and were imputed using fully conditional specification
with the “mice” package (version 3.13.0) for R (version 4.1.0;
R Core Team).

Machine Learning Explainable Tool
The interpretation of the prediction model is performed by
SHAP, which is a unified approach to calculate the contribution
and influence of each feature toward the final predictions
precisely [26]. The SHAP values can show how much each
predictor contributes, either positively or negatively, to the
target variable. Besides, each observation in the data set could
be interpreted by the particular set of SHAP values.

Statistical Analysis
All statistical analysis and calculations were performed using
R software and Python (version 3.8.0; Python Software
Foundation). The categorical variables are expressed as total
numbers and percentages, and the χ2 test or Fisher exact test
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(expected frequency <10) is used to compare the differences
between groups. The continuous variables are expressed as
median and IQR, and the Wilcoxon rank sum test is used when
comparing the two groups.
Four machine learning models—XGBoost, logistic regression
(LR), random forest (RF), and support vector machine (SVM)—
were used to develop the predictive models. The prediction
performance of each model was evaluated by the area under the
receiver operating characteristic curve. Moreover, we calculated
the accuracy, sensitivity, positive predictive values, negative
predictive values, and F1 score when the prediction specificity
was fixed at 85%. Additionally, to assess the utility of models
for decision-making by quantifying the net benefit at different
threshold probabilities, decision curve analysis (DCA) was
conducted [27].

Li et al

Results
Patient Characteristics
Among 17,029 patients with HF in eICU-CRD, a total of 2798
adult patients diagnosed with primary HF were included in the
final cohort for this study. The patient screening process is
shown in Figure 1. The data set was randomly divided into 2
parts: 70% (n=1958) of the data were used for model training,
and 30% (n=840) of the data were used for model validation.
The LASSO regularization process resulted in 24 potential
predictors on the basis of 1958 patients in the training data set,
which were used for model developing. Patients in the
nonsurvivor group were older than the ones in the survivor
group (P<.001). The hospital mortality rate was 9.96%
(195/1958) in the training data set and 10% (84/840) in the
testing data set (Multimedia Appendix 3). Table 1 shows the
comparisons of predictor variables between survivors and
nonsurvivors during hospitalization.

Figure 1. Flowchart of patient selection. ICD: International Classification of Diseases; ICU: intensive care unit.
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Table 1. All predictor variables for patients with heart failure (N=2798).
Survivors (n=2519)

Nonsurvivors (n=279)

P value

Age (years), median (IQR)

71 (60-80)

76 (66-82)

<.001

Gender (male), n (%)

1338 (53.1)

170 (60.9)

.02

Hypertension

654 (26)

46 (16.5)

<.001

Acute renal failure

441 (17.5)

78 (28.0)

<.001

Heartrate_mina

70 (61-80)

74 (62-86)

<.001

Respiratory rate_avgb

20.1 (17.8-23.0)

21.8 (19.0-26.0)

<.001

Respiratory rate_maxc

27 (24-32)

32 (26-38)

<.001

Nibpd_systolic_avg

120.0 (107.1-134.8)

109.0 (100.1-121.4)

<.001

Nibp_systolic_min

95 (83-110)

84 (72-97)

<.001

Nibp_diastolic_min

49 (41-57)

45 (35-52.5)

<.001

Temperature_max

37 (37-37)

37 (37-38)

.03

Temperature_min

36 (36-37)

36 (36-37)

.007

1550 (599-2750)

875 (140-1900)

<.001

SpO2 _min

92 (88-95)

90 (84.5-94)

<.001

SpO2_avg

96.6 (95.1-98.0)

96.5 (94.5-97.9)

.04

Anion_gap_max

11.0 (9.0-14.0)

12.0 (10.0-15.0)

<.001

Creatinine_min

1.45 (1.01-2.30)

1.70 (1.19-2.50)

.001

Blood_urea_nitrogen_avg

30.0 (21.0-47.6)

42.0 (28.0-58.5)

<.001

Calcium_min

8.6 (8.1-9.0)

8.5 (7.9-8.9)

.005

Chloride_min

101 (97-104)

99 (95-104)

.01

Platelets×1000_min

193 (149-249)

180 (140-235.5)

.008

White_blood_cell×1000_min

9.1 (6.8-12.1)

10.9 (7.6-15.7)

<.001

RDWf_min

15.7 (14.4-17.3)

16.4 (15.0-18.2)

<.001

Hemoglobin_max

10.6 (9.2-12.3)

10.4 (8.95-12.0)

.059

Comorbidities, n (%)

Vital signs, median (IQR)

Laboratory variables, median (IQR)
Urineoutput
e

a

Min: minimum.

b

Avg: average.

c

Max: maximum.

d

Nibp: noninvasive blood pressure.

e

SpO2: O2 saturation.

f

RDW: red blood cell distribution width.

Model Building and Evaluation
Within the training data set, the XGBoost, LR, RF, and SVM
models were established, and the testing data set obtained AUCs
of 0.824, 0.800, 0.779, and 0.701, respectively (Table 2 and
Figure 2). Comparatively, XGBoost had the highest predictive
performance among the four models (AUC=0.824, 95% CI
0.7766-0.8708), whereas SVM had the poorest generalization
ability (AUC=0.701, 95% CI 0.6433-0.7582). DCA was
performed for four machine learning models in the testing data
set to compare the net benefit of the best model and alternative
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approaches for clinical decision-making. Clinical net benefit is
defined as the minimum probability of disease, when further
intervention would be warranted [28]. The plot measures the
net benefit at different threshold probabilities. The orange line
in Figure 3 represents the assumption that all patients received
intervention, whereas the yellow line represents that none of
the patients received intervention. Due to the heterogeneous
profile of the study population, treatment strategies informed
by any of the four machine learning–based models are superior
to the default strategies of treating all or no patient. The net
benefit of the XGBoost model surpassed those of the other
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machine learning models at 10%~28% threshold probabilities

(Figure 3).

Table 2. Performance of each model for prediction.

a

Model

AUCa (%)

Sensitivity (%)

F1 score

Accuracy (%)

PPVb

NPVc

XGBoost

0.824

0.595

0.407

0.826

0.307

0.950

LRd

0.800

0.607

0.413

0.827

0.311

0.951

RFe

0.779

0.571

0.392

0.823

0.298

0.947

SVMf

0.701

0.345

0.258

0.801

0.204

0.921

AUC: area under the curve.

b

PPV: positive predictive value.

c

NPV: negative predictive value.

d

LR: logistic regression.

e

RF: random forest.

f

SVM: support vector machine.

Figure 2. The receiver operating characteristic curve among the four models for patients with heart failure. SVM: support vector machine.
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Figure 3. Decision curve analysis of four models plotting the net benefit at different threshold probabilities. SVM: support vector machine.

Explanation of XGBoost Model With the SHAP
Method
The SHAP algorithm was used to obtain the importance of each
predictor variable to the outcome predicted by the XGBoost
model. The variable importance plot lists the most significant
variables in a descending order (Figure 4). The average of blood
urea nitrogen (BUN) had the strongest predictive value for all
prediction horizons, followed quite closely by the age factor,
the average of noninvasive systolic blood pressure, urine output,
and the maximum of respiratory rate. Furthermore, to detect
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the positive and negative relationships of the predictors with
the target result, SHAP values were applied to uncover the
mortality risk factors. As presented in Figure 5, the horizontal
location shows whether the effect of that value is associated
with a higher or lower prediction and the color shows whether
that variable is high (in red) or low (in blue) for that observation;
we can see that increases in the average BUN has a positive
impact and push the prediction toward mortality, whereas
increases in urine output has a negative impact and push the
prediction toward survival.
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Figure 4. The weights of variables importance. Avg: average; BUN: blood urea nitrogen; max: maximum; min: minimum; NIBP: noninvasive blood
pressure; RDW: red blood cell distribution width; SHAP: SHapley Additive exPlanation; SpO2: O2 saturation; WBC: white blood cell.
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Figure 5. The SHapley Additive exPlanation (SHAP) values. Avg: average; BUN: blood urea nitrogen; max: maximum; min: minimum; NIBP:
noninvasive blood pressure; RDW: red blood cell distribution width; SpO2: O2 saturation; WBC: white blood cell.

SHAP Individual Force Plots
Figure 6 shows the individual force plots for patients who (A)
did not survive and (B) survived. The SHAP values indicate
the prediction-related feature of individual patients and the
contribution of each feature to the mortality prediction. The
bold-faced numbers are the probabilistic predicted values (f(x)),
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whereas the base values are the values predicted without giving
input to the model. The f(x) is the log odds ratio of each
observation. The red features (on the left) indicate features that
increase the mortality risk, and the blue features indicate features
that decrease the mortality risk. The length of the arrows helps
visualize the magnitude of the effect on the prediction. The
longer the arrow, the larger the effect.
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Figure 6. SHapley Additive exPlanation (SHAP) force plot for two selected patients.

Discussion
Principal Findings
In this retrospective cohort study of a large-scale public ICU
database, we developed and validated four machine learning
algorithms to predict the mortality of patients with HF. The
XGBoost model outperforms the performance of LR, RF, and
SVM. The SHAP method is used to explain the XGBoost model,
which ensures the model performance and clinical
interpretability. This will help physicians better understand the
decision-making process of the model and facilitates the use of
prediction results. Besides, to avoid ineffective clinical
interventions, the relevant threshold probability range of DCA
that we focused on was between 15% and 25%, during which
XGBoost performed better. In critical care research, XGBoost
has been widely used to predict the in-hospital mortality of
patients and may assist clinicians in decision-making [29-31].
However, the mortality of patients with HF included in the final
cohort is just 9.97%. Although DCA shows that the XGBoost
model is better than the two default strategies, the positive
predictive value is just 0.307 when the prediction specificity is
fixed at 85%. Therefore, the XGBoost model may not be fully
acceptable to provide decision-making support for clinicians.
Evaluation of the benefits of earlier prediction of mortality and
its additional cost is necessary in clinical practice.
Using SHAP to explain the XGBoost model, we identified some
important variables associated with in-hospital mortality of
patients with HF. In this study, the average BUN was recognized
as the most important predictor variable. As a renal function
marker to measure the amount of nitrogen in blood that comes
from protein metabolism, previous studies also showed that
BUN was the key predictor of HF mortality prediction with
machine learning algorithms [32,33]. Kazory [34] concludes
that BUN may be a biomarker of neurohormonal activation in
patients with HF. From the perspective of pathophysiology, the
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activity of sympathetic nervous systems and the
renin-angiotensin-aldosterone system increases with the
aggravation of HF, which causes the vasoconstriction of the
afferent arterioles. A reduction in renal perfusion further leads
to water and sodium retention and promotes urea reabsorption,
ultimately resulting in an increased BUN. However, further
research is needed to explore the applicability of this SHAP
method, due to the lack of an external validation cohort.

Limitations
This study had some limitations. First, our data were extracted
from a publicly available database, and some variables were
missing. For example, we intended to include more predictor
variables that may affect in-hospital mortality such as
prothrombin time as well as brain natriuretic peptide and lactate;
however, the missing values were over 70%. Second, all data
were derived from the ICU patients from the United States, so
the applicability of our model remained unclear in other
populations. Third, our mortality prediction models were based
on data available within 24 hours of each ICU admission, which
may neglect the subsequent events that change the prognosis
and cause confounders to some extent. Fourth, due to lack of
an external validation cohort, the applicability of the developed
XGBoost model may not be very efficient in clinical practice.
Currently, we are trying to collect data of patients with HF in
ICUs from West China Hospital of Sichuan University.
Although we have obtained some preliminary data, it is not
feasible for the external prospective validation because of the
limited sample size.

Conclusions
We developed the interpretable XGBoost prediction model that
has the best performance in estimating the mortality risk in
patients with HF. In addition, the interpretable machine learning
approach can be applied to accurately explore the risk factors
of patients with HF and enhance physicians’ trust in prediction
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models. This will help physicians identify patients with HF who
have a high mortality risk so as to timely apply appropriate
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treatments for them.
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Abstract
Background: Artificial intelligence (AI) for use in health care and social services is rapidly developing, but this has significant
ethical, legal, and social implications. Theoretical and conceptual research in AI ethics needs to be complemented with empirical
research to understand the values and judgments of members of the public, who will be the ultimate recipients of AI-enabled
services.
Objective: The aim of the Australian Values and Attitudes on AI (AVA-AI) study was to assess and compare Australians’
general and particular judgments regarding the use of AI, compare Australians’ judgments regarding different health care and
social service applications of AI, and determine the attributes of health care and social service AI systems that Australians consider
most important.
Methods: We conducted a survey of the Australian population using an innovative sampling and weighting methodology
involving 2 sample components: one from an omnibus survey using a sample selected using scientific probability sampling
methods and one from a nonprobability-sampled web-based panel. The web-based panel sample was calibrated to the omnibus
survey sample using behavioral, lifestyle, and sociodemographic variables. Univariate and bivariate analyses were performed.
Results: We included weighted responses from 1950 Australians in the web-based panel along with a further 2498 responses
from the omnibus survey for a subset of questions. Both weighted samples were sociodemographically well spread. An estimated
60% of Australians support the development of AI in general but, in specific health care scenarios, this diminishes to between
27% and 43% and, for social service scenarios, between 31% and 39%. Although all ethical and social dimensions of AI presented
were rated as important, accuracy was consistently the most important and reducing costs the least important. Speed was also
consistently lower in importance. In total, 4 in 5 Australians valued continued human contact and discretion in service provision
more than any speed, accuracy, or convenience that AI systems might provide.
Conclusions: The ethical and social dimensions of AI systems matter to Australians. Most think AI systems should augment
rather than replace humans in the provision of both health care and social services. Although expressing broad support for AI,
people made finely tuned judgments about the acceptability of particular AI applications with different potential benefits and
downsides. Further qualitative research is needed to understand the reasons underpinning these judgments. The participation of
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ethicists, social scientists, and the public can help guide AI development and implementation, particularly in sensitive and
value-laden domains such as health care and social services.
(J Med Internet Res 2022;24(8):e37611) doi:10.2196/37611
KEYWORDS
artificial intelligence; surveys and questionnaires; consumer health informatics; social welfare; bioethics; social values

Introduction
Background
Artificial intelligence (AI) and automation are accelerating in
many fields driven by an increase in the availability of massive
linked data sets, cloud computing, more powerful processors,
and the development of new types of algorithms, particularly
in the field of machine learning. In this paper, AI will be broadly
conceptualized, consistent with the Australian Council of
Learned Academies definition, as “a collection of interrelated
technologies used to solve problems and perform tasks that,
when humans do them, requires thinking” [1]. These
technologies are being applied in social services, including to
automate eligibility verification, target and personalize welfare
services, and aid in the detection of fraud and debt liability [2,3].
Health care, initially slow to adopt AI, is also seeing rapid
development for applications including health service planning
and resource allocation, triage, screening and diagnosis,
prognostication, robotics in applications such as aged care, and
health advice chatbots [4-6]. These areas of practice—social
services and health care—have traditionally been provided via
extensive human-to-human contact by staff with professional
autonomy and the capacity to exercise discretion in handling
the problems of service users or patients.

Ethical, Legal, and Social Implications of AI
A growing body of literature acknowledges the complex ethical,
legal, and social implications (ELSI) of AI deployment [1,7,8].
In the 2010s, many intergovernmental, academic, and industry
groups examined the ELSI of AI in a general sense, producing
lists of high-level principles for AI ethics [1,7,9,10] often
reminiscent of existing frameworks in bioethics [11]. In parallel,
a set of approaches that foreground the significance of power,
oppression, discrimination, and injustice has been developed,
contextualized in the sociotechnical systems in which AI is
embedded [12]. Other work critiques the corporate AI sector
for establishing AI ethics boards and documents while persisting
with unethical practices and points to the difficulties faced by
AI ethics researchers when working inside corporations
producing AI systems [13]. The abstract principles and
frameworks that have proliferated in AI ethics offer accessible
ways in to ethical debates, but they cannot be sufficient to
address ethical issues in practice [14]. There are now calls to
complement ethical frameworks with other forms of knowledge,
including analysis of detailed use cases and investigation of
what members of the public think and value regarding the use
of AI [15]. Two linked cases are the focus of this study: the use
of AI in health services and in social services, which are an
important social determinant of health especially for
marginalized and disadvantaged populations.
https://www.jmir.org/2022/8/e37611
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For the first case, health care AI, research on ELSI has been
rapidly expanding since 2019. In a 2020 review, Morley et al
[16] highlighted 3 groups of ELSI issues for health care AI:
epistemic concerns (that the evidence on which health care AI
is based is inconclusive, inscrutable, or misguided), normative
concerns (highlighting unfairness and the potential for
transformative unintended consequences), and concerns about
the ability to either identify algorithmic harm or ascribe
responsibility for it. Another 2020 review focused on health
care emphasized the potential to worsen outcomes or
cost-effectiveness, the problem of transportability (that
algorithms may not work equally well in different populations),
automation bias (that humans tend to be too willing to accept
that algorithmic systems are correct), the potential to intensify
inequities, the risk of clinical deskilling, increased threats to
data protection and privacy, lack of contestability of algorithmic
decisions, the need to preserve clinician and patient autonomy,
and the potential to undermine trust in health care systems [17].
A 2021 scoping review on health care AI ELSI highlighted data
privacy and security, trust in AI, accountability and
responsibility, and bias as key ethical issues for health care AI
[18]. Also in 2021, Goirand et al [19] identified 84 AI-specific
ethics frameworks relevant to health and >11 principles
recurring across these while noting that few frameworks had
been implemented in practice. In parallel, empirical evidence
demonstrates a continuing need to address the ELSI of health
care AI. A well-known example is an AI system used to allocate
health care in many US health services that allocated more care
to White patients than to Black patients, even when the Black
patients had greater need, because the AI learned from historical
underservicing that Black patients had lower care requirements
[20].
Regarding our second case, AI in the social services, ELSI
research is also gaining momentum, particularly as part of
broader inquiries into the digital welfare state or in relation to
high-profile examples of technology failure [2,21,22]. This
research highlights the potential of AI to improve the
consistency and accuracy of welfare decision-making and
increase cost-efficiency. However, it also raises grave concerns
regarding the social costs associated with implementing AI in
the social services, particularly for vulnerable populations. For
example, the pioneering ethnographic study by Eubanks [21]
of AI and automation technologies in the United States in 2018
illustrates how new technologies can disempower poor citizens,
intensify existing patterns of discrimination, and automate
inequality. Similar concerns have been raised in Australia in
relation to the Online Compliance Intervention known as
robodebt. The scheme automated the calculation of welfare
debts based on an income-averaging algorithm. The legality of
the algorithm was successfully challenged before a domestic
court in 2019, culminating in an Aus $1.8 billion (US $1.25
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billion) class action lawsuit against the Australian government
and prompting significant public and scholarly criticism of the
scheme [23].
AI applications in the welfare sector pose novel challenges to
legal and regulatory compliance. Many AI systems, including
robodebt, have been designed and implemented in the absence
of proper legal frameworks or in contravention of prevailing
laws and administrative principles [2,24]. Other high-profile
examples include the System Risk Indication system of the
Dutch government, which was used to predict an individual’s
risk of welfare fraud. System Risk Indication was successfully
challenged based on the fact that the system breached the right
to privacy contained in the European Convention on Human
Rights [2]. Such cases have prompted a growing body of
literature concentrated on the legal and human rights
implications of AI in the social services. The recent report by
the United Nations Special Rapporteur on Extreme Poverty [2]
calls for a human rights–based approach to digital regulation
in social protection systems, which has prompted further
research on AI and human rights principles [25].

Existing Research on Perceptions of the ELSI of Using
AI, Including in Health Care and Social Services
An approach to thinking about the ELSI of AI is to examine
public attitudes and judgments toward these technologies. In
areas such as health care and social services, this includes the
attitudes and judgments of patients and service users. A small
body of literature exists on general attitudes toward AI. In 2018,
Zhang and Dafoe [26] surveyed 2000 American adults and found
mixed support for developing AI and strong support for the idea
that AI should be carefully managed. In April 2020, the Monash
Data Futures Institute surveyed 2019 Australians on their
attitudes toward AI, adapting some questions from Zhang and
Dafoe [27]. They found that Australians did not consider
themselves knowledgeable about AI, but 62.4% expressed
support for the development of AI. When asked whether they
supported the use of AI in particular fields, respondents were
most supportive of AI use in health (44.1% strong support) and
medicine (43% strong support) and less supportive of AI use
in equality and inclusion (21.5% strong support) and public and
social sector management (20.2% strong support). Respondents
tended to agree that AI would do more social good than harm
overall [27].
Research on the attitudes of patients and service users is
developing; most research to date—such as this study—has
been speculative, asking informants about their views or
intentions rather than their direct experience of AI. Studies
asking patients to imagine the use of AI in their care generally
report broad acceptance [28-30] in areas including skin cancer
screening and neurosurgery. Promises of greater diagnostic
accuracy are well received [30], and sharing deidentified health
data for the development of medical AI may be acceptable to
most [28]. A study reported experiences with a diabetic
retinopathy screening AI—96% of patients were satisfied or
very satisfied [31]. However, respondents in most studies also
express concerns. Regarding skin cancer screening, concerns
included inaccurate or limited training sets; lack of context;
lack of physical examination; operator dependence; data
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protection; and potential errors, including false negatives and
false positives [28,30]. In the context of neurosurgery,
respondents wanted a human neurosurgeon to remain in control
[29]. Finally, a study of patients with cancer in China suggested
that despite reporting that they believed in both diagnoses and
therapeutic advice given by an AI (90% and 85%, respectively),
when this differed from the advice given by a human clinician,
most patients would prefer to take the human clinician’s
recommendation (88% and 91%, respectively) [32].
Research examining public and professional attitudes toward
AI in the welfare sector is very limited. To the authors’
knowledge, research is yet to explore citizens’ general attitudes
toward AI in the domain of welfare provision. However, there
is a small body of research documenting service users’
experiences of specific AI applications in the social services,
particularly users’ negative experiences of exclusion and
discrimination [21,33], providing context-specific insights into
system users’ experiences of AI and illustrating the high-stakes
nature of implementing AI in this domain. This work, together
with some small-scale, mostly qualitative studies involving
frontline social service staff [34-38], illustrates the complex
and dynamic relationship between AI and the routines of social
welfare professionals and indicates mixed reactions to these
systems among staff. For example, the study by Zejnilović et
al [36] of counselors in a Portuguese employment service in
2020 found high levels of distrust and generally negative
perceptions of an AI system used to score clients’ risk of
long-term unemployment. However, the survey data also
indicated that workers would continue to rely on the system
even if it became optional, suggesting that respondents harbor
mixed feelings about the system.
The Australian Values and Attitudes on Artificial Intelligence
(AVA-AI) study set out to understand Australians’ values and
attitudes regarding the use of AI in health care and social
services. Australia has been relatively slow to approve and adopt
medical AI compared, for example, with the United Kingdom
and the United States. The adoption of AI and automation
technologies in the social services is comparatively advanced
in Australia, although its development has been uneven and
marked by controversy, including the case of robodebt. Multiple
stakeholders are now confronting the opportunities and risks of
these technologies. Policy makers need high-quality evidence
of what Australians consider acceptable or unacceptable to
ensure that their decision-making is legitimate. This study used
an innovative methodology to survey Australians regarding
these questions. Our aims were to understand Australians’
front-of-mind normative judgments about the use of AI,
especially in the underresearched fields of social services and
health care, and what attributes of AIs they would consider to
be most important if those AIs were to be deployed in health
care and social services. Although parallel literature seeks to
model the characteristics of AI that predict acceptance [39], this
work has the complementary aim of seeking to understand the
prevalence and patterning of different normative judgments
about AI.
The research questions answered in this study are as follows:
(1) How do Australians’ general judgments regarding the use
of AI compare with their judgments regarding the particular
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uses of AI in health care and social services? (2) Do Australians
make different judgments about different health care and social
service applications of AI? (3) What attributes of health care
and social service AI systems do Australians consider most
important?

Methods
Aims

Isbanner et al
health care and social services, and (2) allow for analysis of
how these vary across different subpopulations and are
associated with people’s sociodemographic characteristics and
familiarity with technology. This study focuses on attitudes and
values, how they differ for different scenarios, and the relative
importance of different attributes of health care and social
service AI. A selection of concepts from AI ethics relevant to
understanding this study is outlined in Textbox 1. Analyses
across different subpopulations will be reported in future papers.

The AVA-AI study was conducted to (1) provide information
on Australians’ attitudes and values regarding AI, especially in
Textbox 1. Concepts from artificial intelligence (AI) ethics used in the Australian Values and Attitudes on Artificial Intelligence (AVA-AI) study.
Concept and meaning in the context of AI ethics
•

Accuracy: the degree to which an AI can perform tasks without errors. In the context of screening or targeting, for example, this would include
the ability of the AI to detect a condition or identify a person without false positives (where a case is identified as having a condition or being a
target when they do not fit the criteria). It also includes the ability of the AI to avoid false negatives (where a case is identified as not having a
condition or not being a target when they do fit the criteria).

•

Algorithmic targeting: the use of AI to find people with a certain profile, often predictively (eg, to identify people likely to be unable to find
work or people likely to commit a crime).

•

Autonomous machine decision-making: situations in which an AI makes a decision that would previously have been made only by a person, for
example, whether a person has a condition or whether a person is eligible for a social security payment.

•

Contestability: whether machine decision-making can be effectively challenged. Contestability is to some extent dependent on explainability but
is also dependent on policy settings.

•

Explainability: whether it is possible to explain how an AI makes a decision. For some forms of AI, especially deep learning algorithms, humans
do not explicitly instruct the AI on what basis it should make decisions. This makes explainability potentially more challenging, leading such
algorithms to be labeled as black box algorithms.

•

Deskilling: when tasks previously undertaken by humans are delegated to AI, humans lose their ability to complete those tasks; that is, they
deskill in relation to those tasks.

•

Fair treatment: AI systems tend to reflect human bias; this relates to the concept of justice, which is complex and multidimensional. Doing justice
is unlikely to entail treating everyone identically as different people have different needs and opportunities. In the AVA-AI study, we asked
respondents how important it was to “know that the system treats everyone fairly” to capture an intuitive judgment of a system’s capacity to deal
justly or unjustly with different individuals and populations.

•

Personal tailoring: the ability of an AI, by comparing the data of an individual with large, linked data sets, to recommend services or interventions
that respond to the particularity of an individual’s situation.

•

Privacy: freedom from intrusion into personal matters, including the ability to control personal information about oneself.

•

Responsibility: a complex and multidimensional concept, which attributes moral or legal duties and moral or legal blame, including for errors
or harms.

Instrument Development
When designing the study, there were no existing instruments
we could adopt. We used a question from the 2018 survey by
Zhang and Dafoe [26] and developed other questions based on
a review of the AI ethics literature. Before the study
commenced, the instrument underwent multiple rounds of input
from investigators and expert colleagues, as well as cognitive
testing.

Final Instrument Design
In addition to sociodemographic variables, the survey asked
about the use of AI in health care and welfare. Questions were
of 2 types. The first type, in the form of How muchdo you
support or oppose, presented a 5-point scale. Questions of this
type asked about the development of AI in general (B01, taken
from Zhang and Dafoe [26], running from strongly support to
strongly oppose) and the use of AI in 6 particular health care
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and welfare AI scenarios for which potential advantages and
disadvantages were presented in a balanced way (C03-C05 and
D03-D05, for which the 5-point scale ran from I support this
use of AI to I oppose this use of AI; Multimedia Appendix 1).
A final question of this type (E01) asked respondents to indicate
what they valued more on a 5-point scale: Quicker, more
convenient, more accurate health and social services or More
human contact and discretion in health and social services.
This trade-off asked respondents to evaluate a bundle of benefits
commonly attributed to AI-enabled services against a bundle
of benefits commonly attributed to services provided by human
professionals.
The second type of question presented a scenario involving AI
use and then asked respondents to consider 7 ELSI dimensions
or values (eg, getting an answer quickly and getting an accurate
answer) and rate how important each dimension was to them
personally on a scale from extremely important to not at all
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important. There were 4 questions of this type: 2 with health
care scenarios (C01-C02) and 2 with welfare scenarios
(D01-D02). Module C presented health care questions and
module D presented welfare questions; respondents were
randomly allocated to receive module C or D first, and the order
of presentation of the values was also randomized. Table 1
summarizes the variables presented as well as the concepts each
question was designed to assess. Note that the dimensions or
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values were identical for module C and D questions except that
the health care questions had an item about responsibility,
including mistakes (reflecting the status quo of medical
professional autonomy), whereas the social service questions
had an item about personal tailoring (reflecting a promised
potential benefit of AI in social services).
The final survey instrument is provided in Multimedia Appendix
1.
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Table 1. Summary of the variables collected in the Australian Values and Attitudes on Artificial Intelligence (AI) study.
Type of variable

Question number and variable

Concepts tested

General support or opposition

•

•

B01—how much do you support or oppose the
development of AI in general (with multiple ex-

Broad support for or opposition to AI

amples given)?a
Importance of different attributes
of AI in health care scenarios

•
•

Importance of different attributes
of AI in welfare scenarios

•
•

Support for or opposition to AI in •
specific health care scenarios
•
•

C01—machine reads medical test, diagnoses, and •
recommends treatment
C02—machine triages when you are unwell

D01—machine processes application for unemployment benefits (data sharing required)
D02—chatbot advises about carer payments

C03—nonexplainable hospital algorithms
C04—data sharing for quality care
C05—deskilling physicians

•

Importance of:
Explanation
•
Speed
•
Accuracy
•
Human contact
•
Reducing system costs
•
Fair treatment
•
Responsibility
•

•

In relation to:
D01—foregoing privacy as a barrier to access
•
services
D02—automation of information services
•

•

Importance of:
Explanation
•
Speed
•
Accuracy
•
Human contact
•
Reducing system costs
•
Fair treatment
•
Personal tailoring
•

•

C03—importance of explainable machine recommendations
C04—importance of privacy (balanced against
quality of care)
C05—importance of retaining human clinical skills

•
•

Support for or opposition to AI in •
specific welfare scenarios
•
•

In relation to:
C01—delegation of clinical decisions to an
•
autonomous machine
C02—automating decisions about need for
•
health care services (time-sensitive)

D03—targeted compliance checking
D04—nonexplainable job services
D05—automated assignment of parent support
with limited contestability

•
•

•

•

D03—algorithmic targeting of punitive policy
D04—importance of explainable machine recommendations
D05—importance of contestability (balanced against
accuracy)

Speed—human contact

•

E01—trade-off between quicker, more convenient, more accurate health care and social services and more human contact and discretion in
health care and social services

Sociodemographic

•

Age, gender, concession card type, and employ- •
ment status; household income, education,
household type, language other than English
spoken at home, and general health
Centrelink payment, employment field, relevant
experience, relevant degree, life satisfaction, and
disability

Descriptive variables collected using standard sociodemographic questions

State or territory, capital city or rest of state, and •
SEIFAb (geographic measure of disadvantage)

Descriptive variables collected using standard questions about location of residence

•

Geographic
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E01—speed and convenience and accuracy vs human
contact and discretion
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Type of variable

Question number and variable

Lifestyle

•

Isbanner et al
Concepts tested

How often they check the internet, how often they •
post comments or images to social media, how
often they post on blogs, forums, or interest
groups, early adopter by type, and television
viewing by type of viewing

Variables collected for weighting purposes

a

Variables in italics were collected from both the Life in Australia and web-based panel samples; all others were collected from the web-based panel
alone.
b

SEIFA: Socio-Economic Indexes for Areas.

Data Collection Processes and Weighting
Data collection occurred between March 16, 2020, and March
29, 2020, with respondents mainly completing the questionnaire
on the web.
The AVA-AI study comprises 2 sample components: one
obtained from the Life in Australia (LIA) survey [40] with a
responding sample size of 2448 and a web-based panel sample
with a responding sample size of 2000. Thus, the combined
responding sample size was 4448.
The full set of questions was used for the web-based panel
sample. For the LIA sample, a subset of sociodemographic
variables and all the geographic and lifestyle questions were
used. The LIA sample also answered the general support
question (B01) and the importance of AI attributes for scenario
C01. In Table 1, the variables in italics were collected from
both the LIA and web-based panel samples, and all others were
collected from the web-based panel alone.
The LIA sample was selected using scientific probability
sampling methods, whereas the web-based panel sample was a
nonprobability sample. Weights for the LIA sample were
calculated using standard methods for a probability sample
using generalized regression estimation [41] to adjust for
differences in selection probabilities and nonresponse and
calibrate to population benchmarks obtained from the population
census, current demographic statistics, and the 2017 to 2018
National Health Survey obtained from the Australian Bureau
of Statistics. The variables used in the calibration were age by
highest education level, country of birth by state, smoking status
by state, gender by state, household structure by state, part of
state, and state or territory.
A web-based panel allowed us to generate a relatively large
sample, enabling a good level of disaggregation into
subpopulations, comparisons between groups, and analysis of
associations. Such panels can be subject to self-selection biases
and coverage issues, reducing the accuracy of population
prevalence estimates [42], but may enable the examination of
associations and, with adjustments to reduce biases, improve
the estimation of population characteristics [43]. The calibration
to population benchmarks for major sociodemographic variables
may not eliminate these issues. To enhance our adjustment of
the web-based panel data in the AVA-AI study, we included 2
substantive questions, a set of behavioral and lifestyle questions,
and major sociodemographic variables in both the web-based
panel survey and the probability sample–based LIA survey, as
indicated in Table 1. This approach was similar to that used in
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the study by Zhang and Dafoe [26], although our approach for
the AVA-AI study went further by adjusting for behavioral and
lifestyle variables and 2 substantive variables. The use of
behavioral and lifestyle variables in adjusting web surveys, also
known as webographic variables, is discussed in the study by
Schonlau et al [44], for example.
In the AVA-AI study, questions common to the LIA and
web-based panel samples were used to calibrate the web-based
panel to the LIA sample, producing weights designed to reduce
potential biases owing to the web-based panel sample being
nonrandom; the LIA served as a reference survey [35]. The
probability of inclusion for the web-based panel respondents
was estimated using a propensity score model. This involved
combining the LIA and web-based panel samples and fitting a
logistic regression model, with the response variable being
membership of the web-based panel. In fitting this model, the
original LIA weights were used for respondents in that sample,
and a weight of 1 was used for the web-based panel respondents.
The variables used in the logistic regression were selected using
Akaike Information Criterion–based stepwise regression and
consisted of age by education, gender, household structure,
language spoken at home, self-rated health, early adopter status,
and television streaming watching. In a final calibration step,
the weights were further adjusted to agree with the population
benchmarks for these variables. This approach is described, for
example, in the study by Valliant and Dever [45,46] and by
Elliot and Valliant [47]. The weighting led to a weighted sample
of 1950 for the web-based panel and 2498 for the LIA sample.

Statistical Analysis Methods
Overview
All estimates and analyses were based on a weighted analysis
using the largest sample possible. Each respondent had a weight
determined by the sample they came from. The weights were
scaled so that the sum of the weights for the combined sample
was 4448. Two substantive questions (B01 [general support or
opposition] and C01 [support or opposition for autonomous
machine decision-making in medical testing]) were asked to
the combined LIA+web-based panel sample. The remainder of
the attitude and value questions was asked only to the web-based
panel sample. Any analysis involving questions included in the
LIA and web-based panel sample was based on the combined
sample and the associated weights. Any analysis involving
questions that were only collected from the web-based panel
sample was based on the web-based panel sample and the
associated weights.
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The analyses focused on determining and comparing the
distribution of responses to the attitude and value questions.
The methods used accounted for the use of weights in
calculating estimates and associated 95% CIs and allowed for
the testing of statistical significance, assessed when the P value
of the relevant statistical test was <.05.

Statistical Analysis of Each Question Using Univariate
Analyses
All variables concerning attitudes and values had 5 substantive
response categories reflecting support or importance. Univariate
analysis calculated the estimated percentage in each response
category for each question, with 95% CIs for each estimated
percentage. For questions asking for degree of support or
opposition, we examined whether there was a majority support
and compared across scenarios and between health care and
welfare contexts; for questions asking for the importance
attached to different attributes or values, we examined whether
attributes or values mattered more in some contexts than others.
Weights must be accounted for in the calculation of estimates
and in the statistical inference, such as estimates of SEs and the
associated CIs obtained from them and P values for any
statistical tests used. The CIs and P values were obtained using
Complex Samples in SPSS (version 26; IBM Corp), which
accounts for the use of weights in producing the estimates.
Although the use of weights can reduce bias, there is an
associated increase in variances and SEs of the estimates. This
is reflected in the design effect, the variance of an estimate
accounting for the weights (and complex design if used),
compared with the use of simple random sampling and no
weighting. The effect is variable specific, but a broad indication
can be obtained considering the design effect because of
weighting or unequal weighting effect [48,49]. This is 1+Cw2,
where Cw is the coefficient of variation of the weights, which
is the SD of the weights divided by their mean. For the combined
sample, the design effect because of weighting was 1.83; for
the LIA, it was 1.99; and, for the web-based panel, it was 1.61.
For any specific estimates or analysis in this study, the SEs
estimated from the survey data accounting for the weights were
used. The effect on the SE is the square root of the design effect
(ie, the design factor [50]) and is the factor by which the CIs
are larger than if weights did not have to be used. A design
effect of 1.83 implies a design factor of 1.35. In this analysis,
the design effects were almost all between 1.50 and 2.00.
For questions using ordinal scales from 1 to 5, we also calculated
an overall mean response to each question and the associated
95% CI. These included variables assessing the degree of
support (ie, B01, C03-C05, and D03-D05), importance attached
to attributes of AI (ie, C01-C02 and D01-D02), and the final
question (E01) on trading off machine versus human traits.
Mean scores close to the midpoint of the scale (3.00) indicated
an overall neutral or balanced response to the question, that is,
an equal or symmetric distribution of respondents on the
respective scale. For support-or-oppose questions, lower scores
indicated support and higher scores indicated opposition; for
importance questions, lower scores indicated greater importance
and higher scores indicated less importance; for E01, lower
scores favored machine traits and higher scores favored human
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traits. For all questions, we tested the null hypothesis that the
mean was 3.00 (ie, a distribution centered at the midpoint of
the scale, or a balanced distribution of responses) using a 2-tailed
t test allowing for weighting.

Statistical Analysis Comparing Responses to Questions
Using Bivariate Analyses
To assess differences in the responses to pairs of questions—for
example, is the support for the use of AI different when
respondents are presented with different scenarios?—we
compared the distributions of the responses. This was not to
assess whether the responses to the 2 questions were
independent, which is unlikely, but whether the percentages in
their marginal distributions were the same.
Our goal was to determine what percentage of people changed
their response between 2 questions and whether this change was
net positive or negative. To examine this issue for any 2
questions, we created a shift variable to represent the difference
between two variables (variables A and B): (1) if the response
to variable A was in a category greater than the response to
variable B, the shift variable was +1, which corresponded to a
more positive attitude toward AI for variable B and,
equivalently, a more negative attitude for variable A; (2) if the
response to variable B was in a category greater than the
response to variable A, the shift variable was −1, which
corresponded to a more positive attitude toward AI for variable
A and, equivalently, a more negative attitude for variable B;
and (3) if the responses to variables A and B were identical, the
shift variable was 0.
We estimated the percentage of respondents where the shift
variable was 0, indicating no change. For those that changed,
we estimated the percentage with a shift variable of −1,
corresponding to a more positive attitude for the first variable
and a more negative attitude for the second variable, and tested
for equal percentages of positive and negative changes. The
adjusted Pearson chi-square test in SPSS Complex Samples was
used, which is a variant of the second-order adjustment proposed
by Rao and Scott [51]. These tests allowed us to assess the
statistical significance of the differences in responses under
different scenarios.
We also tested for equal marginal distributions using the ordinal
scores. SPSS uses a paired t test using these scores, which is
similar to the test for marginal homogeneity described in the
study by Agresti [52]. This test was implemented accounting
for the weights using Complex Samples in SPSS by creating a
variable for each person equal to the difference between the
scores of the 2 questions and testing that the mean difference
was 0. We tested answers to our research questions, that is, to
determine whether respondents answered differently when
questions tested the same ELSI concept in different settings or
when questions tested different ELSI concepts in comparable
settings. The estimated mean difference and associated 95% CI
and the P value for the test that the mean difference was 0 were
produced.
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Ethical Considerations
This study was approved by the University of Wollongong
Social Sciences Human Research Ethics Committee (protocol
number 2019/458).

Results
Sample Composition
Table 2 provides a summary of the weighted combined sample
and web-based panel sample for the key variables. A full
composition of the overall combined sample and the web-based
panel, including unweighted and weighted frequencies and
proportions for key sociodemographic variables, is provided in
Multimedia Appendix 2. The use of weights improved the
representation of the combined sample for capital cities, age
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groups <35 years, men, employed status, nonuniversity as the
highest level of education, language other than English spoken
at home, those with excellent or very good health, and people
who look for information over the internet several times a day.
The sample was well spread and had respondents across many
different sociodemographic groups.
The web-based panel sample was also well spread across many
different sociodemographic groups. The effect of weighting
was similar to that in the overall sample, although there was
very little effect for age and capital cities. Comparing the
weighted percentages between the combined sample and the
web-based panel sample, the only appreciable difference is for
those employed (2709/4448, 60.9% vs 1061/1950, 54.41%,
respectively).
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Table 2. Sociodemographic composition of Australian artificial intelligence survey sample (weighted data only).
Combined sample (n=4448), n (%)

Web-based panel (n=1950), n (%)

Capital city

2957 (66.48)

1300 (66.67)

Rest of state

1481 (33.3)

640 (32.82)

Not stated or unknown

10 (0.22)

10 (0.51)

18 to 34

1386 (31.16)

637 (32.67)

35 to 54

1472 (33.09)

660 (33.85)

55 to 74

1166 (26.21)

497 (25.49)

≥75

394 (8.86)

156 (8)

Not stated or unknown

30 (0.67)

0 (0)

Men

2180 (49.01)

939 (48.15)

Women

2259 (50.79)

1011 (51.85)

Other

9 (0.2)

1 (0.05)

Not stated or unknown

0 (0)

0 (0)

Employed

2709 (60.9)

1061 (54.41)

Not employed

1735 (39.01)

890 (45.64)

Not stated or unknown

4 (0.09)

0 (0)

Postgraduate qualification

529 (11.89)

246 (12.62)

Undergraduate or diploma

1393 (31.32)

676 (34.67)

Vocational qualification

937 (21.07)

398 (20.41)

School qualification

1492 (33.54)

626 (32.1)

Not stated or unknown

96 (2.16)

5 (0.26)

≥Aus $3000 (US $2086.20)

635 (14.28)

211 (10.82)

Aus $1500 to Aus $2999 (US $1043.10 to US $2085.50)

1281 (28.8)

589 (30.21)

Aus $500 to Aus $1499 (US $347.70 to US $1042.40)

1646 (37.01)

793 (40.67)

<Aus $500 (US $347.70)

550 (12.37)

261 (13.38)

None

139 (3.13)

70 (3.59)

Negative income

34 (0.76)

26 (1.33)

Not stated or unknown

162 (3.64)

0 (0)

Yes

1036 (23.29)

438 (22.46)

No

3411 (76.69)

1513 (77.59)

Not stated or unknown

1 (0.02)

0 (0)

Excellent

549 (12.34)

236 (12.1)

Very good

1887 (42.42)

837 (42.92)

Good

1302 (29.27)

562 (28.82)

Fair

573 (12.88)

255 (13.08)

Part of state

Age group (years)

Gender

Employment status

Highest education level

Gross weekly household income

Other language spoken at home

General health
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Combined sample (n=4448), n (%)

Web-based panel (n=1950), n (%)

Poor

131 (2.95)

59 (3.03)

Not stated or unknown

6 (0.13)

0 (0)

Support for AI in General and in Specific Scenarios
Background
We first discuss questions focused on support for or opposition
to AI. The CIs for questions B01 and C01 tended to be narrower
as they were based on the combined sample. However, for all
questions, estimates of percentages had margins of error (ie,
twice the SE) of <3 percentage points, reflecting the relatively
large sample size and the reliability of all estimates.

Respondents Expressed General Support for AI
Figure 1 and Table 3 show the level of support for the
development of AI in general—an estimated 60.3% in the
strongly support or somewhat support categories.
Although the estimate for the support categories was 60.3%, it
was only 13.4% for the opposed categories and 26.3% for the
neutral or don’t know responses. The on-balance support mean
score of 2.35 was statistically significant when tested against
the midpoint of 3.00 (P<.001). The design effects are consistent
with the design effect that was due to a weighting of 1.83.

Table 4 shows the percentage that selected a support category
after don’t know responses were excluded and also after don’t
know and neutral responses were excluded. This allowed for
direct comparison of support and opposition and examination
of whether there was majority support. We tested whether the
resulting percentages were >50% using the adjusted Pearson F
test for equal percentages in SPSS, where an estimate of 50%
would indicate equal levels of support and opposition. Table 4
clearly demonstrates majority support among those taking a
positive or negative position—63.1% when don’t know
responses were excluded and 81.8% when neutral and don’t
know responses were excluded, with P values indicating that
both estimates were statistically significantly different from
50%.
For each question in the remaining analyses, the very small
proportion of refused and don’t know responses were not
included and were no more than 8 cases for any of these
questions.

Figure 1. Responses to question B01: How much do you support or oppose the development of artificial intelligence?

Table 3. Estimated percentages, mean, and 95% CIs for responses to question B01: How much do you support or oppose the development of artificial
intelligence?a,b

a

Estimated percentage (95% CI)

Design effect

Strongly support

19.5 (17.9-21.1)

1.87

Somewhat support

40.8 (38.9-42.8)

1.84

Neither support nor oppose

21.9 (20.3-23.5)

1.74

Somewhat oppose

9.2 (8.1-10.4)

1.87

Strongly oppose

4.2 (3.5-5.1)

1.76

I don’t know

4.4 (3.6-5.3)

1.96

Percentages and CIs adjusted for weighting.

b

The mean score was 2.35 (95% CI 2.31-2.39) with a design effect of 1.83.
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Table 4. Percentage of those who strongly support or somewhat support the development of artificial intelligence, 95% CIs, and P values for testing
against 50%a.
Categories deleted

a

“Don’t know”

“Don’t know and neutral”

Estimated percentage support (95% CI)

63.1 (61.1-65)

81.8 (80-83.5)

P valueb

<.001

<.001

Design effect

1.80

1.83

Percentages and CIs adjusted for weighting.

b

P value for adjusted Pearson F test for equal proportions in support and oppose categories.

Respondents Showed Less Support for Specific AI Use
Scenarios and Supported Some Scenarios More Than
Others
Figure 2 shows the estimates of the level of support for AI in
specific health care and welfare scenarios, with scenarios
presented in increasing order of level of support. Multimedia
Appendix 3 shows the related estimates and 95% CIs. Table 5
presents estimates of support in categories 1 and 2 combined
for specific scenarios, associated 95% CIs, and P values for the
test against 50%. For all these specific scenarios, less support
was expressed than in the question about AI in general (Figure
1).
Figure 2 shows that the strongest support was expressed for a
learning health care system making diagnostic and treatment
recommendations, where over time, patients get different care
depending on whether they do, or do not, share their health
record with the AI system (ie, people receive health benefits
only at the expense of health data privacy). Overall, the support
for this item was 42.3% (Table 5). Regarding social services,
the highest level of support was for targeted compliance
checking for welfare debt (38.9%). In this scenario, a
government department used an algorithm to check groups
deemed high-risk for welfare overpayment twice as often, which
found more welfare debts, saved money, and reduced the number
of checks on other people but meant people in high-risk groups
were checked more even if they had not done anything wrong.
The next highest support was for automated systems to identify
parents who required assistance to return to work with limited
contestability (34.9%) and employment support recommendation
systems that were nonexplainable to employment service
workers (31.2%). The least support overall was expressed for
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AI systems that led to physician deskilling (27% support and
48.3% opposition) and those that made diagnostic and treatment
recommendations but were not explainable to physicians (29.1%
support and 41.6% opposition).
For the estimates in Table 5, the neutral middle category with
a score of 3 was included in the denominator. To directly
compare the level of support and opposition and assess whether
there was majority support or opposition, we removed the
neutral category and recalculated the estimates and tests (Table
6). With the neutral score included, the level of support never
reached a majority and ranged from 27% (deskilling physicians)
to 42.3% (data sharing for quality care). Once the middle
category was excluded, Table 6 shows that, for the nonneutral
respondents, there were majorities supporting data sharing and
targeted compliance checking; a balance on automated parent
support without contestability; and a majority opposed to
nonexplainable hospital algorithms, nonexplainable job services,
and especially deskilling physicians.
Table 7 uses mean scores to indicate on-balance opposition or
support—a score >3.00 indicates on-balance opposition, and a
score <3.00 indicates on-balance support, along with P values
for testing that the mean score was 3 (neither supportive nor
opposed on balance). The means of general support for the
development of AI were included for comparison. Marginal
on-balance support was demonstrated for data sharing for quality
care only (this should not be overinterpreted as the mean score
was so close to neutral). For targeted compliance checking and
noncontestable automated parent support, views were balanced.
For both explainability scenarios and clinical deskilling,
respondents expressed on-balance opposition at a statistically
significant level.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37611 | p.1032
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Isbanner et al

Figure 2. Responses to questions C03 to C05 and D03 to D05: support for or opposition to specific scenarios. AI: artificial intelligence.

Table 5. Percentage of those supporting artificial intelligence in specific scenarios, 95% CIs, and P values for testing against 50%a.
Estimated percentage in “support” or “strongly support” P valueb
categories (95% CI)

Design effect

Data sharing for quality care (C04c)

42.3 (39.6-45.1)

<.001

1.62

Nonexplainable hospital algorithms (C03)

29.1 (26.7-31.6)

<.001

1.57

Deskilling physicians (C05)

27 (24.6-29.5)

<.001

1.57

Targeted compliance checking (D03)

38.9 (36.2-41.7)

<.001

1.61

Automated parent support (contestability; D05)

34.9 (32.3-37.6)

<.001

1.59

Nonexplainable job services (D04)

31.2 (28.7-33.8)

<.001

1.56

Domain and scenario
Health

Welfare

a

Percentages and CIs adjusted for weighting.

b

P value for adjusted Pearson F test for 50% proportions in categories 1 and 2 combined.

c

Code in parentheses (eg, C04) indicates question number in instrument.
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Table 6. Proportion of respondents supporting artificial intelligence in specific scenarios, associated 95% CIs, and P values for testing against 50%;
neutral responses deleteda.
Estimated percentage in “support” or “strongly support” P valueb
categories

Design effect

Data sharing for quality care (C04c)

57.8 (54.5-61.1)

<.001

1.63

Nonexplainable hospital algorithms (C03)

41.1 (38-44.4)

<.001

1.58

Deskilling physicians (C05)

35.8 (32.8-38.9)

<.001

1.58

Targeted compliance checking (D03)

54.1 (50.9-57.4)

.01

1.58

Automated parent support (contestability; D05)

50.4 (47-53.7)

.82

1.62

Nonexplainable job services (D04)

44.1 (40.8-47.4)

<.001

1.59

Domain and scenario
Health

Welfare

a

Percentages and CIs adjusted for weighting.

b

P value for adjusted Pearson F test for 50% proportions in categories 1 and 2 combined.

c

Code in parentheses (eg, C04) indicates question number in instrument.

Table 7. Analysis of mean support for use of artificial intelligence (AI) in specific scenarios, 95% CIs, and P values for testing against a mean of 3. A
score <3 represents support, and a score of >3 represents oppositiona.
Domain and scenario

Estimated mean (95% CI)

P valueb

Design effect

General—support for the development of AI (B01c)

2.35 (2.31-2.39)

<.001

1.83

Data sharing for quality care (C04)

2.90 (2.83-2.98)

.01

1.65

Nonexplainable hospital algorithms (C03)

3.25 (3.18-3.32)

<.001

1.57

Deskilling physicians (C05)

3.39 (3.31-3.46)

<.001

1.62

Targeted compliance checking (D03)

2.98 (2.91-3.06)

.64

1.62

Automated parent support (contestability; D05)

3.06 (2.99-3.13)

.10

1.60

Nonexplainable job services (D04)

3.19 (3.12-3.26)

<.001

1.59

Health

Welfare

a

Means and CIs adjusted for weighting.

b

P value for t test that the mean score was 3.0 using complex samples.

c

Code in parentheses (eg, B01) indicates question number in instrument.

Statistical Significance of Differences Between Support
in General and in Specific Scenarios
To further investigate these results, we statistically tested
changes in responses between the general question (B01) and
the more specific scenario questions (C03-C05 and D03-D05).
Table 8 shows the percentage of those who changed between
question B01 and each of the more specific scenarios and, of
those who changed, what percentage changed to a more negative
attitude. The change was tested against 50%, which
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corresponded to an equal change in a positive and negative
direction.
Table 8 shows that the estimated percentage that answered
differently between the general and the more specific questions
was between 60.2% and 70.6%. Of those who changed, between
70.8% and 83% changed to a more negative response, and all
of these changes were statistically significant. There was also
a slight increase of 3% to 9% in neutral responses across specific
scenarios compared with the general question.
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Table 8. Estimated percentage of those who changed their response between the general question on the development of artificial intelligence and the
specific scenarios and, of those who changed, the percentage that had a more negative attitude in the specific scenarios, with 95% CIs and the P value
for the test of equal change in each directiona.
Percentage of those who
changed

Percentage of those who changed P valueb
becoming more negative (95%
CI)

Design effect

Data sharing for quality care (C04c)

60.2

70.8 (67.3-74)

<.001

1.59

Nonexplainable hospital algorithms (C03)

65.6

81.4 (78.6-83.9)

<.001

1.53

Deskilling physicians (C05)

70.6

83 (80.3-85.3)

<.001

1.56

Targeted compliance checking (D03)

63.8

71.9 (68.5-75)

<.001

1.65

Automated parent support (contestability; D05)

65

76.1 (73-78.9)

<.001

1.56

Nonexplainable job services (D04)

66.6

80.3 (77.5-82.9)

<.001

1.50

Domain and scenario

Health

Welfare

a

Percentages and CIs adjusted for weighting.

b

Adjusted Pearson F test for equal proportions changing in each direction.

c

Code in parentheses (eg, C04) indicates question number in instrument.

Statistical Significance of Differences in Support
Between Scenarios
To assess the statistical significance of differences in support
for different detailed scenarios, Table 9 shows estimates of the
percentage of those who changed in response to pairs of
questions and, of those who changed, the percentage expressing
a more negative attitude on the second question and the
associated test against 50%. Although most comparisons were
within the health care or welfare domain, we asked about
explainability in both the health care and welfare contexts,
allowing us to make direct comparisons between this pair of
questions.
As noted, the health care and welfare question blocks were
randomized per participant, and the questions were randomized
within blocks. As shown in Table 9, respondents did make
different judgments in specific scenarios—there were
statistically significant changes within all pairs except between
the questions regarding explainability in health care and in
welfare. Despite 45.7% of people changing their responses
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between these 2 questions, people changed their minds in both
directions in approximately equal proportions. This suggests
divided views on the importance of explainability in different
scenarios. The differences between all health care scenarios
were statistically significant. Answers on nonexplainability and
deskilling were significantly different, and most were more
negative than those on data sharing; answers on deskilling were
significantly different, and most were more negative than those
on nonexplainability. In addition, most changed their responses
between these questions in the same direction. A similar pattern
was seen in the welfare scenarios—a significant proportion of
respondents changed their response among targeted compliance
checking, automated parent support without contestability, and
nonexplainable job services, in all cases to a more negative
response. Again, most tended to change their responses among
these questions in the same direction.
Comparisons of the general support and support in specific
scenarios and between the scenarios were also analyzed using
differences in the means, with similar conclusions.
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Table 9. Estimated proportion of those who changed their response between 2 scenarios and, of those who changed, the percentage that expressed a
more negative attitude in the second question, with 95% CIs and the P value for the test of equal change in each directiona.
Percentage of those who
changed

Percentage of those who
changed becoming more
negative (95% CI)

P valueb

Design effect

C03c (explainability) vs C04d (data sharing)

38.1

26.7 (22.7-31.1)

<.001

1.77

C03 (explainability) vs C05e (deskilling)

43.6

59.2 (55-63.3)

<.001

1.62

C04 (data sharing) vs C05 (deskilling)

45.7

77.9 (74.2-81.2)

<.001

1.69

D03f (compliance checking) vs D04g (explainability)

41.7

64.2 (60-68.2)

<.001

1.60

D03 (compliance checking) vs D05h (contestability)

45.1

55.6 (51.4-59.6)

.008

1.59

D04 (explainability) vs D05 (contestability)

42.3

41.7 (37.6-45.9)

<.001

1.59

Explainability in health vs in welfare—C03 vs D04

45.7

46.1 (42-50.2)

.06

1.64

Domain and scenarios compared

Health

Welfare

a

Percentages and CIs adjusted for weighting.

b

Adjusted Pearson F test for equal proportions changing in each direction.

c

C03: nonexplainable hospital algorithms.

d

C04: data sharing for quality care.

e

C05: deskilling physicians.

f

D03: targeted compliance checking.

g

D04: nonexplainable job services.

h

D05: automated parent support (contestability).

Which Attributes of Health Care and Social Service
AIs Were Most Important?
We provided 2 health care scenarios (C01 [machine diagnosis
and treatment recommendations] and C02 [machine triage]) and
2 social service scenarios (D01 [automation of unemployment
benefit decision-making] and D02 [chatbot advice about carer
payments]). We asked respondents to rate the importance of
different attributes of the AI system in each one, where the
attributes reflected a key ethical, legal, or social dimension of
the AI or its use. For health care scenarios, these attributes
included responsibility for decision-making as this is central to
medicolegal frameworks and professional autonomy. For welfare
scenarios, they included personal tailoring as this is a key
promise of automation and machine decision-making in welfare
contexts.
Figure 3 shows these responses to the health care and welfare
scenarios to allow comparisons to be made between the
distributions of the responses to any 2 questions assessing the
same ethical or social dimension of AI. Multimedia Appendix
4 provides the detailed estimates of the proportions and the
associated estimates of 95% CIs on estimated proportions for
Figure 3.
Table 10 provides a summary of the importance that respondents
ascribed to different attributes using mean scores, 95% CIs, and
design effects. The response categories were scored from 1 for
extremely important to 5 for not at all important; thus, lower
scores indicate more importance. All means were <3, the
midpoint of the scale; t tests against a mean of 3 were
statistically significant with P<.001, indicating that more of the
https://www.jmir.org/2022/8/e37611
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distribution of responses was in the extremely or very important
categories. The attributes in Table 10 are in ascending order of
means, that is, from most to least important (where the most
important value is presented first).
As shown in Figure 3 and Table 10, there were distinctions
between attributes. In all 4 scenarios, accuracy was rated as
most important on average (1.49-1.61), and the ability of an AI
system to reduce system costs was rated as least important
(2.30-2.60), especially in health care. After accuracy, fairness
was the second most important attribute in both social service
scenarios (1.80 and 1.81) but, in the health care scenarios, it
placed lower relative to other attributes (1.87 and 1.94). After
accuracy, responsibility and human contact were the next most
important in both health care scenarios. Speed was slightly more
important in a health care triage scenario (1.90) than in a medical
testing scenario (2.08).
Table 11 compares the mean responses to the attribute questions
for the 2 health care scenarios (C01 vs C02) and the 2 welfare
scenarios (D01 vs D02) to assess whether there were differences
in importance in specific scenarios. In these comparisons, a
negative estimate of the difference implies more importance for
the first listed question, and a positive difference implies more
importance for the second listed question. Table 12 provides
further analysis, including statistical significance testing, of
shifts in responses to the questions. Taken together, these tables
show that, among the health care scenarios, the only statistically
significant differences were in relation to speed (more important
in triage) and reducing costs (more important in decision
support). In the social service scenarios, more statistically
significant differences were found, with explanation and cost
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37611 | p.1036
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more important in receiving automated carer support advice.

Figure 3. Responses to questions C01 to C02 versus D01 to D02: summary and comparison of health (C) and welfare (D) scenarios. Numerical estimates
<10% are not given.
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Table 10. Means, 95% CIs, and design effects for importance of values.
Estimate of the meana (95% CI)

Design effect

C01b —machine reads medical test, diagnoses, and recommends treatment
Accuracy

1.49 (1.46-1.53)

1.98

Human contact

1.78 (1.74-1.81)

1.95

Responsibility

1.78 (1.75-1.82)

1.98

Explanation

1.86 (1.82-1.90)

1.96

Fairness

1.87 (1.83-1.91)

1.91

Speed

2.08 (2.04-2.12)

1.88

Reducing costs

2.30 (2.25-2.34)

1.92

Accuracy

1.56 (1.51-1.61)

1.73

Responsibility

1.76 (1.71-1.81)

1.75

Human contact

1.81 (1.75-1.86)

1.72

Explanation

1.87 (1.82-1.93)

1.76

Speed

1.90 (1.85-1.95)

1.64

Fairness

1.94 (1.88-2.00)

1.81

Reducing costs

2.43 (2.36-2.50)

1.74

C02—machine triages when you are unwell

D01—machine processes application for unemployment benefits (data sharing required)
Accuracy

1.61 (1.56-1.65)

1.53

Fairness

1.80 (1.75-1.85)

1.56

Explanation

1.86 (1.80-1.91)

1.61

Personal tailoring

1.87 (1.82-1.92)

1.58

Human contact

1.88 (1.82-1.93)

1.54

Speed

1.99 (1.93-2.04)

1.58

Reducing costs

2.51 (2.45-2.58)

1.59

Accuracy

1.60 (1.55-1.64)

1.6

Fairness

1.81 (1.76-1.87)

1.68

Personal tailoring

1.82 (1.77-1.87)

1.67

Human contact

1.83 (1.77-1.88)

1.63

Speed

1.91 (1.86-1.97)

1.71

Explanation

2.02 (1.96-2.08)

1.72

Reducing costs

2.60 (2.54-2.67)

1.71

D02—chatbot advises about carer payments

a

Means and CIs adjusted for weighting.

b

Code (eg, C01) indicates question number in instrument.

https://www.jmir.org/2022/8/e37611

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37611 | p.1038
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Isbanner et al

Table 11. Differences in mean responses on importance of attributes between 2 scenariosa.
Mean difference (95% CI)

P valueb

Design effect

Explanation

−0.001 (−0.048 to 0.046)

.96

1.89

Speed

0.082 (0.040 to 0.123)

<.001

1.51

Accuracy

−0.009 (−0.052 to 0.033)

.67

1.91

Human contact

−0.012 (−0.060 to 0.036)

.63

2.12

Responsibility

0.007 (−0.035 to 0.050)

.73

1.88

Reducing costs

−0.111 (−0.162 to −0.060)

<.001

1.99

Fairness

−0.035 (−0.081 to 0.011)

.13

1.93

Explanation

−0.164 (−0.215 to −0.113)

<.001

1.64

Speed

0.070 (0.029 to 0.111)

<.001

1.59

Accuracy

0.012 (−0.023 to 0.048)

.50

1.42

Human contact

0.049 (0.009 to 0.089)

.02

1.48

Personal tailoring

0.048 (0.006 to 0.090)

.02

1.58

Reducing costs

−0.091 (−0.136 to −0.046)

<.001

1.54

Fairness

−0.018 (−0.059 to 0.029)

.38

1.72

Domain and attribute
Health—C01c vs C02d

Welfare—D01e vs D02f

a

Means and CIs adjusted for weighting.

b

P value for t test that the mean difference was 0 using complex samples.

c

C01: machine reads medical test, diagnoses, and recommends treatment.

d

C02: machine triages when you are unwell.

e

D01: machine processes application for unemployment benefits (data sharing required).

f

D02: chatbot advises about carer payments.
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Table 12. Estimated percentages of those who changed their responses on importance of values between 2 scenarios and, of those, the percentage that
ranked the value to be more important in the first question than in the second question (C01 vs C02 or D01 vs D02), with associated 95% CIs and the
P value for the test of equal cell proportionsa.
Percentage of those who
changed

Percentage ranking the value as more important in C01 P valueb
(vs C02) or D01 (vs D02) (95% CI)

Design effect

Explanation

34.3

47.6 (42.8-52.4)

.33

1.68

Speed

34.9

39.5 (35.2-44.1)

<.001

1.52

Accuracy

25.1

49.5 (43.8-55.2)

.86

1.68

Human contact

29.9

50.3 (45-55.5)

.92

1.70

Responsibility

28.3

47.7 (42.5-53)

.40

1.69

Reducing costs

33

59.2 (54.3-63.9)

<.001

1.66

Fairness

29.3

53.7 (48.5-58.8)

.16

1.66

Explanation

39.6

63.7 (59.4-67.7)

<.001

1.55

Speed

32.7

41.8 (37-46.6)

.001

1.66

Accuracy

26.4

48.4 (43.2-53.7)

.56

1.57

Human contact

30.7

43.9 (39.1-48.8)

.02

1.64

Personal tailoring

33.1

43.9 (39.1-48.8)

.01

1.69

Reducing costs

35.1

58.8 (54.3-63.1)

<.001

1.58

Fairness

27.1

51.7 (46.3-57.1)

.53

1.70

Domain and values
Health—C01c vs C02d

Welfare—D01e vs D02f

a

Percentages and CIs adjusted for weighting.

b

Adjusted Pearson F test for equal proportions.

c

C01: machine reads medical test, diagnoses, and recommends treatment.

d

C02: machine triages when you are unwell.

e

D01: machine processes application for unemployment benefits (data sharing required).

f

D02: chatbot advises about carer payments.

Final Bundled Attribute Trade-off of AI and Human
Attributes
Figure 4 shows the estimated percentages for the final bundled
trade-off question (E01), where respondents were asked to weigh
speed, convenience, and accuracy against human contact and
discretion. Table 13 provides the estimated percentages, mean

scores, and 95% CIs. These results show that human attributes
were generally valued more, as indicated by a mean score >3.
The estimated proportion of those who preferred the machine
attributes (categories 1 or 2) was 20.3%, whereas, for human
attributes (categories 4 or 5), it was 52%; 27.7% selected a
middle position.

Figure 4. Responses to question E01: speed, accuracy, and convenience versus human contact and discretion.
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Table 13. Speed, accuracy, and convenience versus human contact and discretion; estimated percentages; and 95% CIs for responses to question E01a.
Estimate (95% CI)

a

1: speed, convenience, and accuracy

7.6 (6.2-9.1)

2

12.7 (11-14.7)

3

27.7 (25.3-30.3)

4

28.5 (26.1-31.1)

5: human contact and discretion

23.5 (21.2-26)

Mean scoreb

3.38 (3.41-3.54)

Percentages and CIs adjusted for weighting.

b

P<.001 for testing that the mean score was 3; design effect=1.602.

March 2020-April 2020 for both the AVA-AI study and the
Monash survey), Australians may have had additional positive
experiences of the everyday AI described in that question (eg,
language translation, spam filters, and streaming content
suggestions).

Discussion
Principal Findings
Overview
The AVA-AI study has created one of the first large, robust
data sets reflecting public views on the potential use of AI in
health care and social services, with particular attention to the
ELSI of those technologies. Future studies will provide a greater
breakdown of the variation in responses among different
population subgroups. This analysis focused on answering 3
key questions: how judgments in general compare with
judgments in particular, how judgments about use in health care
compare with judgments about use in social services, and
whether judgments differ when ELSI differ.

General Versus Particular Judgments About AI
Our first general question about support for or opposition to AI
was taken from the 2018 survey of the American public by
Zhang and Dafoe [26], which included 2000 respondents and
used a similar weighting methodology; the Monash Data Futures
survey [27] also included this question and surveyed 2019
respondents. Owing to our methodology, we asked this question
to 4448 respondents. Table 14 compares these results—as the
Monash survey reports combined all support and all oppose
categories only, we have done the same. Both the AVA-AI study
and the Monash survey suggest more positive general views in
Australia than in the United States, although the results of the
AVA-AI study are less positive than those of the Monash survey.
Speculative reasons for this difference could include more
prominent public discourse regarding harms from AI deployment
in the US context (eg, in policing, justice, warfare, and the retail
sector) or, more tentatively, that, in the 2 years between the
surveys (mid-2018 for the study by Zhang and Dafoe [26] vs

As a minority of AVA-AI study respondents began the survey
with negative general views on AI and >60% expressed support,
any negative judgments expressed seem likely to be a response
to the details of the scenarios presented rather than reflect
prejudice against or fear of AI in general. When asked about
specific scenarios for AI use, respondents were consistently
more negative—the reduction in support between the general
question and all 6 specific scenarios was statistically significant,
and support expressed in the specific scenarios dropped between
17 and 33 percentage points. The simple opening
support-or-oppose question presented familiar, helpful everyday
examples of AI in use and did not demonstrate any downsides
of AI. In contrast, the detailed scenario questions were designed
for balance. Each question emphasized that AI could both
improve services (eg, make them quicker, more convenient, and
more accurate) and have downsides (eg, reduced explainability,
contestability, and privacy; unfair burdens on minorities; or
human deskilling). On the basis of our findings, we hypothesize
that members of the general public may remain broadly unaware
of the potential downsides of AI in use and that some of these
downsides (eg, deskilling) matter more to them than others (eg,
privacy). We did not test the level of awareness of ELSI
problems with AI—this is a potential direction for future
research. Participants’ more negative judgments in the
case-specific questions also empirically reinforce what has
already been argued in the literature: that the ELSI of AI
applications need to be considered in the context of detailed
cases.

Table 14. Comparison of findings from the studies by Zhang and Dafoe [26] and the Monash Data Futures Institute [27] and from the Australian Values
and Attitudes on Artificial Intelligence (AVA-AI): How much do you support or oppose the development of artificial intelligence?
Zhang and Dafoe [26] (2018),
weighted %

Monash Data Futures Institute [27] (2020),
weighted % by age only

AVA-AI (2020), weighted %

Strongly or somewhat support

40.94

62.4

60.3

Neither support nor oppose

27.84

23

21.9

Strongly or somewhat oppose

21.69

10.5

13.4

I don’t know

9.54

4.1

4.4
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Judgments About Health Care Versus Judgments About
Social Services
Respondents had slightly stronger, more diverse, and more
negative views on using AI in health care as opposed to in social
services. This may be because they themselves have more direct
experience of using health care or consider health care more
relevant to them; alternatively, respondents may consider health
care to be a higher-stakes service for which they are less tolerant
of social or ethical wrongs or harms. Again, respondents in the
AVA-AI study were less strongly supportive than respondents
in the Monash survey, expressing 27% to 43% support for health
care scenarios and 31% to 39% support for social service
scenarios. In the Monash survey, respondents were asked to
rate their support or opposition to the application of artificial
intelligence to social, humanitarian and environmental
challenges. The areas that received the most support—>75%
of respondents—were health and medicine, whereas the areas
that received the least support (although still >60%) included
equality and inclusion and public and social sector management.
The differing responses to the 2 surveys may arise from the
framing of the questions. The Monash questions were framed
optimistically and presented no downsides; the AVA-AI
questions presented both benefits and downsides or burdens. In
health care, we held effectiveness and health benefits against
requirements to share data, nonexplainability, and clinical
deskilling. In social services, we held the accuracy and
consistency of predictions and decisions against the potential
for overtargeting, poor contestability, and nonexplainability.
The differences in responses between the 2 surveys may show
that the ethical and social risks of AI matter to people and will
make a difference in their evaluations.

Do Judgments Differ When ELSI Differ?
The respondents clearly made judgments about the ELSI of AI.
Although all ELSI were considered important, this was by
degree. Respondents made quite finely graded judgments that
intuitively aligned with the characteristics of the scenarios,
suggesting both that they took the questions seriously and that
different attributes will be differently important in different
cases. For example, speed was more important in triage, where
time is critical, than in diagnosis. Explanation was more
important in automating unemployment benefits than in an
information chatbot, which would be consistent with the view
that people deserve to know why they do or do not receive
payments. Human contact, personal tailoring, and speed were
more important for the chatbot than for the benefits system,
possibly reflecting that chatbot interactions are short and
information-heavy and that people want a human to talk to if
the automated system fails.
Two things were consistent: accuracy was always the most
highly valued, and reducing costs was always the least highly
valued across health care and social services. The lack of any
significant difference in the importance of accuracy across
scenarios suggests that this is an entry-level requirement for the
use of AI (although defining accuracy in different contexts is
not straightforward). The lower importance given to cost
reduction may reflect a general rejection of instrumental
decision-making in policy and of cost-based arguments in public
https://www.jmir.org/2022/8/e37611
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services. Contextual factors include Australia’s publicly funded
health care system being popular and entrenched [53] and that,
despite holding negative views on welfare recipients, the
Australian public remains similarly supportive of the welfare
system as a whole [54].
Fairness was more important in social services than in health
care. This may reflect the centrality of the concept of procedural
fairness—that is, the fairness of the decision-making process—in
social service administration, particularly within Australia’s
bureaucratic and rule-bound welfare system [55]. It may also
reflect heightened concern for issues of fairness in light of the
public controversy surrounding the robodebt program, which
centered on the legality, accuracy, and fairness of the program’s
debt calculations [23]. Perhaps the most deliverable promise of
AI is increased speed, but this was not highly valued by
respondents in any of the scenarios presented.
Knowing who is responsible for decisions, especially any
mistakes made, was consistently important in health care,
suggesting that the regulatory and ethical governance challenges
in health care AI will matter to the public. Human contact was
also important in health care. Prominent health care AI
advocates have suggested that the core benefit of health care
AI is its ability to release clinicians from mundane duties,
freeing them to engage more deeply in care work [56]. However,
the digitization of health care in some contexts has had the
opposite effect, overburdening clinicians with data management
and system requirements that alienate them from patient care
[57]. This will be a key challenge to manage if health care AI
is to deliver on its promises. Relatedly, respondents rejected
medical deskilling most strongly among our 3 health care
scenarios. This resonates with empirical research suggesting
that people strongly value the preservation of human oversight
for AI decision-making but also suggests the need for more
work on what kinds of deskilling matter most as deskilling is
highly likely to occur as automation increases. As in other
research, participants were weakly supportive of sharing their
health data with a learning health system if it delivered better
quality care [58], although qualitative and deliberative research
suggests that this support is likely to be conditional [59].
Respondents were also weakly supportive of algorithmic
targeting of welfare compliance checking to high-risk groups
if this saved money and reduced the number of checks on other
people, which may reflect an on-balance judgment about
proportionality or may simply reflect the aforementioned
negative views on welfare recipients.
We asked about explainability in both health care and welfare
scenarios and contestability in welfare scenarios. Respondents
expressed an on-balance opposition to both health care and
welfare AIs that were not explainable to relevant professionals.
However, different respondents valued explainability differently
in health care and welfare scenarios, suggesting that there may
be some divergence in people’s views on the domains in which
explanation is more important. There was also an on-balance
opposition to noncontestability in welfare scenarios, which
reinforces support for processes of review and appeal when
welfare decision-making is automated.
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When asked to make an on-balance judgment about the bundle
of attributes most commonly associated with machines versus
with humans, respondents strongly preferred human attributes.
Although they considered attributes such as accuracy to be
important if an AI system was to be implemented, they still
highly valued human support and connection and were not
prepared to give them up in exchange for accuracy (despite the
accuracy of AI being highly valued in itself). This suggests the
importance of pursuing an augmentation rather than a
replacement role for AI in both health care and social services.
For all of these findings, further qualitative research is needed
to better understand the reasons underpinning people’s
judgments.

Limitations
To the best of the authors’ knowledge, this study is one of the
largest and most robust surveys of public attitudes toward health
care and welfare AI to date. The methodological approach taken
allowed for the collection of detailed information on attitudes
for a substantial sample using a relatively low-cost web-based
panel while compensating for the potential biases in the creation
of such a panel. Although the results suggest that respondents
were able to engage with the details of the questions, the
relatively low level of knowledge of AI in the community and
the speculative nature of the questions mean that people’s
responses to a direct experience of AI may differ from their
responses in this survey. A strength of our design was the use

Isbanner et al
of questions that were deliberately structured to present both
the potential benefits and the potential burdens or harms of AI
while attempting to maintain neutral sentiment and avoid
normative valence in the language used. The survey was
conducted before the onset of the COVID-19 pandemic, which
initiated the rapid digitization of many health care and social
services; it is possible that responses would be different if the
survey were repeated today.

Conclusions
Australians support the idea of AI in a general sense, but their
support diminishes when considering the details of particular
scenarios and the potential harms or burdens that may
accompany any promised benefits. Respondents consistently
rated the accuracy of performance as the most important attribute
in an AI system, but only 1 in 5 valued the speed, accuracy, and
convenience of AI systems more than continued human contact
and discretion in service provision. Overall, this study suggests
that the ethical and social dimensions of AI systems matter to
Australians and that Australians want AI systems to augment
rather than replace humans in the provision of both health care
and social services and to reflect human values. Meaningful
engagement and participation of ethicists, social scientists, and
the public can highlight what harms and wrongs are most
important to avoid in all stages of the development and
implementation of AI, including in sensitive and value-laden
domains such as health care and social services.
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Abstract
Background: Clinical practice guidelines recommend antiplatelet and statin therapies as well as blood pressure control and
tobacco cessation for secondary prevention in patients with established atherosclerotic cardiovascular diseases (ASCVDs).
However, these strategies for risk modification are underused, especially in rural communities. Moreover, resources to support
the delivery of preventive care to rural patients are fewer than those for their urban counterparts. Transformative interventions
for the delivery of tailored preventive cardiovascular care to rural patients are needed.
Objective: A multidisciplinary team developed a rural-specific, team-based model of care intervention assisted by clinical
decision support (CDS) technology using participatory design in a sociotechnical conceptual framework. The model of care
intervention included redesigned workflows and a novel CDS technology for the coordination and delivery of guideline
recommendations by primary care teams in a rural clinic.
Methods: The design of the model of care intervention comprised 3 phases: problem identification, experimentation, and testing.
Input from team members (n=35) required 150 hours, including observations of clinical encounters, provider workshops, and
interviews with patients and health care professionals. The intervention was prototyped, iteratively refined, and tested with user
feedback. In a 3-month pilot trial, 369 patients with ASCVDs were randomized into the control or intervention arm.
Results: New workflows and a novel CDS tool were created to identify patients with ASCVDs who had gaps in preventive care
and assign the right care team member for delivery of tailored recommendations. During the pilot, the intervention prototype was
iteratively refined and tested. The pilot demonstrated feasibility for successful implementation of the sociotechnical intervention
as the proportion of patients who had encounters with advanced practice providers (nurse practitioners and physician assistants),
pharmacists, or tobacco cessation coaches for the delivery of guideline recommendations in the intervention arm was greater than
that in the control arm.
Conclusions: Participatory design and a sociotechnical conceptual framework enabled the development of a rural-specific,
team-based model of care intervention assisted by CDS technology for the transformation of preventive health care delivery for
ASCVDs.
(J Med Internet Res 2022;24(8):e27333) doi:10.2196/27333
KEYWORDS
sociotechnical; secondary prevention; atherosclerotic cardiovascular diseases; community health; rural health; participatory
design; team-based care
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Introduction
Background
Atherosclerotic cardiovascular diseases (ASCVDs) are the
leading cause of morbidity and mortality in the United States
and exemplify the national urban-rural health disparity [1,2].
Rural populations, which comprise 20% of the US population,
have a 40% higher absolute prevalence of ASCVDs than urban
dwellers [2]. According to the American Heart Association
(AHA), rural residents also have higher rates of uncontrolled
cardiovascular risk factors than their urban counterparts [2].
These risk factors include tobacco use, hypertension, and high
cholesterol [3-6]. For patients with established ASCVDs,
adherence to risk modification strategies prevents adverse
events, improves survival, reduces the need for revascularization
procedures, and enhances life quality [7]. However, strategies
for risk modification are underused by patients with ASCVDs,
especially in rural communities [2,8].
Clinical practice guidelines from the AHA and the American
College of Cardiology for patients with ASCVDs recommend
risk modification strategies, including antiplatelet and statin
therapies, blood pressure control, and cessation of the use of
tobacco products for secondary prevention in patients with
established ASCVDs [7,9-11]. These recommendations are
collectively referred to as cardiovascular guideline
recommendations (V4) and are also endorsed by the “Million
Hearts” initiative from the Centers for Disease Control and
Prevention [12]. The V4 recommendations have been designated
as Class I, which indicates that the supporting data are strong
and treatment is useful and effective and should be administered
to most patients under most circumstances [9,13]. The level of
evidence
that
supports
these
guideline-endorsed
recommendations is also considered to be of the highest quality
(level of evidence designation “A”) as it is derived from multiple
randomized controlled trials [9,14,15].

Objectives
Multiple health care system factors affect the appropriate
delivery of cardiovascular risk modification strategies to rural
residents [2]. One factor is the inadequate number of physician
providers in rural communities, as documented by the World
Health Organization, the AHA, and the American Stroke
Association [2,16]. A presidential advisory document from the
AHA and the American Stroke Association has suggested that
new and sustainable rural-specific and team-based care models
assisted by technology may be a solution to improve the delivery
of care in rural communities [2]. The question of this study was
what are the characteristics of a rural-specific, team-based model
for the delivery of care assisted by technology that is feasible
in “real-world” rural clinics? The study goal was to develop
and evaluate the feasibility of a new team-based model for rural
practices with the following 2 components: a care model (the
socio component) and a technological component (the clinical
decision support [CDS] system).
It has been proposed that team-based care involves collaboration
between physicians and nonphysician health professionals for
the delivery of care instead of the traditional model in which
care is delivered by physicians only [17]. A previous study
https://www.jmir.org/2022/8/e27333
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showed that pharmacists working in collaboration with other
health professionals in a team-based model improved
cardiovascular health [18]. A second study demonstrated that
a team-based delivery model using both physicians and
advanced practice providers delivered outpatient cardiovascular
care of a similar quality compared with a physician-only model
[17,19].
For the sustainable adoption of new models for care delivery,
it is fundamental that intended users are involved in the design
process to ensure integration within redesigned user workflows
[20,21]. Previous studies have demonstrated that well-executed
participatory design processes support the implementation of
health interventions [22-29]. According to Carrol and Rosson
[30], participatory design advocates that users be included in
the design process, and their input will increase the likelihood
of successful design. According to Clemensen et al [31], the
main feature of this design approach is the participation of users
who work with researchers to produce new technology systems
that can be understood and managed in practice.
Previously, in underserved rural settings, participatory design
has informed strategies for the development of scalable systems
such as mobile technology to disseminate health information
for reproductive and child health services [32] and electronic,
tablet-based community assessment tools for food and physical
activity assessment [33]. When conducted under the
sociotechnical theory framework, participatory design promotes
the adoption of health care IT systems, including CDS [21,34].
The sociotechnical systems theory encourages the joint design
of both the social and technical elements of a system [35]. A
purely technocentric approach to system design may be unable
to address the complex relationships between human and social
factors and technology within the organizational context [36].
Therefore, in this study, participatory design under the
sociotechnical system theory framework was used to design a
new rural-specific and team-based care model for the
coordination and delivery of secondary prevention to patients
with ASCVDs assisted by CDS technology.

Methods
Setting and Context
The Office of Management and Budget defines rural counties
as those with an urban core of ≥10,000 to <50,000 people [2].
By this definition, Austin, an urban core of 25,000 residents
located in Mower County, Minnesota (MN), was identified as
the site for the development of the rural-based model of care.
Austin is the only urban core area in Mower County. The
outpatient primary care clinic located in Austin where this study
was conducted is part of the Mayo Clinic Health System
(MCHS). The MCHS is a network of community-based health
care professionals in primary care clinics located in >60
communities in MN, Iowa, and Wisconsin. Within this care
network, patients receive primary care in their own communities.
These clinics use the Mayo electronic health record (EHR) with
digital medical data stored in a common centralized data
warehouse that enables the deployment of CDS populated by
EHR data for use in the rural clinics of the MCHS. Austin is
located within driving distance (42 miles) of Rochester, MN.
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The research team drove to Austin or connected remotely with
Austin providers and patients during this study. The design, IT,
and clinical informatics teams were from Rochester, whereas
the rural primary care teams that participated in the study
worked in the MCHS Austin. Primary care providers in the
primary care teams included physicians and advanced practice
providers such as nurse practitioners (NPs) and physician
assistants. Primary care nursing supported the day-to-day work
of primary care providers within a team and included registered
nurses (RNs) and licensed practical nurses (LPNs). The
expanded primary care team supported multiple primary care
teams and included pharmacists, tobacco cessation coaches, and
other teams of nurses such as care coordinators and complex
disease coordinators. Importantly, all teams collaborated in the
design of a rural-specific and team-based model for the delivery
of care from June 2019 to December 2020.

Ethics Approval
This project was approved by the Mayo Clinic Institutional
Review Board (approval numbers 19-011925 and 20-001192).

Project Phases
Overview

Partogi et al
the activities in phase I was to gather information about the
current status of ASCVD secondary prevention management.
The second aim of this phase was to discuss ways of improving
delivery of care to these patients. A cohesive group of
participants was established representing different stakeholders
(Figure 1). In phase II, the aim was to gain insights into possible
solutions for the identified problems, creating and testing
prototypes in experiments conducted in clinical practice. In
phase III, the intervention prototype was tested and iteratively
refined with user feedback in a 3-month pilot trial.
In this study, the participatory design activities of telling,
making, and acting were conducted in iterative
plan-action-observe-reflect cycles [31,37]. The provider
workflows and CDS technology components of the
sociotechnical model were developed using design activities
and plan-action-observe-reflect cycles. The MCHS Austin
leadership identified and recruited a team of local health care
professionals to participate in this study. Patients who underwent
medical visits in the MCHS Austin were recruited for interviews
and observations. For the pilot trial, the patient cohort was
identified electronically via a Cohort Knowledge Solution
platform, and the patients were randomized into the control or
intervention arm.

The project had three distinct phases: (1) problem identification,
(2) experimentation, and (3) testing (Figure 1). The first aim of
Figure 1. Project phased-design approach. LPN: licensed practical nurse; NP: nurse practitioner; PA: physician assistant; RN: registered nurse.

Phase I—Problem Identification
Phase I had 2 components: problem identification and ideation
workshops.
Problem Identification
•
Overview: The purpose of this phase was to gather data
about the intervention context, including the setting,
barriers, and facilitators of integration of the proposed
technology solution into the rural clinic [31,37,38]. This
phase focused on telling design activities. Applied
ethnographic methods of participant observation and
interviews comprised the telling activities [31,37],
conducted during 75 hours of workflow observation in the
https://www.jmir.org/2022/8/e27333
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clinic and 18 semistructured interviews with patients and
health care professionals. Purposive sampling was used to
identify interview participants with relevant roles and
expertise, including administrators; institutional leadership;
and various clinical health care professionals, including
pharmacists, RNs, NPs, tobacco cessation coaches, and
physicians. In this phase, 8 patients (mean age 77, SD 10
years; n=6, 75% women and n=2, 25% men) were also
interviewed after primary care visits. Research team
members (MEK, MP, and NP) performed rapid content
analysis on observation field notes and verbatim interview
transcriptions to identify key concepts and themes related
to user needs for a sociotechnical-driven integration of the
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•

Output from problem identification: The insights from
problem identification that informed the design of the
ideation workshops are outlined in Textbox 1.

Textbox 1. Insights from the problem identification component.
Insights from patients and providers
•

•

•

•

For many patients, especially those not meeting cardiovascular guideline (V4) recommendations, cardiovascular care was a low priority and,
consequently, not addressed during office visits. Patients cited frequent provider turnover as a barrier, expressing uncertainty about who was
responsible for managing cardiovascular health. The following are examples from patients:
•

“It is hard to get an appointment.”

•

“It isn’t like you can call in and see your doctor when you don’t feel right.”

•

“I find it extremely difficult to see anyone.”

•

“Our one thing here is, getting a doctor and keeping a doctor.”

The cost of medications was not considered a barrier, but the cost of visits was a frequent concern. The following are examples from patients:
•

“I have always had really good medical insurance that help cover the cost, it’s never been a problem.”

•

“The cost of all this is just astronomical.”

Patients who had previous intolerance for medications prescribed for cardiovascular prevention were reluctant to try another medication, especially
in the absence of a relationship with a trusted provider. The following are examples from providers:
•

“Patients with elevated LFTs so a barrier to statin therapies and using it comfortably in those types of patients.”

•

“People who are not on statin who are have a cardiovascular event usually have problems with tolerating statins before so then it’s just sort
of going down the statin.”

Rural social networks are tightly knit, indicating that health care would ideally be delivered by local professionals. The following are examples
from providers and patients:
•

“You form that connection and they look to you, a familiar face” (provider).

•

“People feel like they can trust us, that it’s a well-established practice” (provider).

•

“After we meet them for the first time, we develop relationships, they can see we can help” (provider).

•

“They become like family” (provider).

•

“They rely on you” (provider).

•

“Just knowing that you are going to be with them on their journey. They feel better about that” (provider).

•

“It depends on how I feel about the person. If I trust them” (patient).

•

“Feeling like you have someone’s undivided attention” (patient).

•

“I think they want to work with us” (patient).

Ideation Workshops
The ideation workshop structure was as follows:
•

Overview: The purpose of the ideation workshops was to
discuss future ways of organizing the delivery of care for
patients with ASCVDs. In total, 2 ideation workshops were
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•

conducted. Each workshop drew health care professionals
from various roles, including 5 RNs, 4 NPs, 3 LPNs, 2
pharmacists, 3 physicians, 1 tobacco cessation coach, and
1 care coordinator.
Output from the ideation workshops: The insights from the
ideation workshops that informed the design of the phase
II experimentation workshops are outlined in Textbox 2.
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Textbox 2. Insights from the ideation workshops.
Insights from providers
•

•

•

•

Nonphysician care team members were motivated to collaboratively deliver preventive cardiovascular care to patients. However, there were no
dedicated workflows and tools to support such initiatives. The following are examples from providers:
•

“I don’t know sorting it out by their blood pressures, whether they’re elevated, just being on medication or not, obviously smokers, are they
on medications? What meds?”

•

“Being able to distinguish the groups like that might be helpful for us in determining where our resources should go.”

Preventive cardiovascular care should be proactively and intentionally delivered. The following are examples from providers:
•

“We don’t get referrals like we used to.”

•

“They probably need a visit with the provider.”

•

“Some of them definitely should have been seen by a provider just because of the length of time they’ve been seen.”

•

“They’re not able to take that medication is there something else we can find for them.”

Improving the delivery of preventive cardiovascular care on a systematic level cannot be regarded as a low priority. The following are examples
from providers:
•

“They just get through if they’ve been in the hospital.”

•

“Identifying those patients that need more care and making sure that they are getting scheduled every so often, just for checking in, so that
its keeping them out of the ED and out of the hospital.”

Existing personnel should be dedicated to the intentional delivery of preventive cardiovascular health care. The following are examples from
providers:
•

“Regular appointments rather than waiting for something to happen...and they’re probably going to need more time then we can give in
fifteen to thirty minute appointments.”

•

“Get back into that role of relationship building and connecting with people and then from there we can then take the next step.”

Phase II—Experimentation
This phase had 3 components: prototyping workshops (including
holistic and detailed perspective workshops), experiments in
the clinic, and intervention prototyping.
Prototyping Workshops
The prototyping workshop structure was as follows:
•

•

Overview: The purpose of the prototyping workshops was
to design components of the novel model for the delivery
of preventive cardiovascular health care for rural
communities. The prototyping workshops involved making
design activities. In making activities, user workshops were
conducted to generate ideas to address issues identified
during the telling activities and tailor the intervention to
the needs of users and the context of the rural clinic. The
multidisciplinary workshop methodology proposed by
Scandurra et al [28] was used for the workshops.
Prototyping workshops covered holistic and detailed
perspectives from the different types of professionals on
the care team [28].
Holistic perspective workshops: There were 2
multidisciplinary interprofessional prototyping workshops
in phase II. These workshops covered strategies for
co-operation between different professionals [28] and
included 4 RNs, 4 NPs, 3 LPNs, 2 pharmacists, 1 tobacco
cessation coach, 1 RN care coordinator, and 3 physicians.
In the first of these workshops, the staff suggested possible
experiments. In the second workshop, participants selected
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the experiments and built on the proposed experiments in
an iterative process. In these workshops, pamphlets
summarizing
insights
and
ideas
were
the
discussion-inducing artifacts to facilitate collaborative and
iterative idea generation [40].
Detailed perspective workshops: These workshops included
1 health care professional work category each and focused
on details of current and future professional workflows with
discussion, feedback, and usability tests. There were
workshops for nurses (4 NPs, 3 LPNs, 4 RNs, and 1 RN
care coordinator), pharmacists (n=2), and tobacco cessation
coaches (n=1). Artifacts for these workshops included
system workflow diagrams, CDS user screenshots,
deidentified patient information, drafts of templates for
clinical notes summarizing encounters, and handouts
summarizing insights from experiments.
Output from prototyping workshops: Health care
professionals participating in the prototyping workshops
designed the “rooming reminder” and “reaching out”
prototypes. Both prototypes were evaluated during
experiments in the clinic.

Experiments in the Clinic
The experiments in the clinic were carried out as follows:
•

Overview: The purpose of the experiments in the clinic was
to explore how designs affect and change practice. This
phase focused on acting design activities. For acting,
activities were conducted as prototype intervention
experiments. The experiments enabled quick testing of the
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•

prototypes and evaluation of new ideas through iterative
cycles [31,37]. During >37 hours of experimentation, 2
prototypes were evaluated. The experiments evaluated the
“rooming reminder” and “reaching out” prototypes.
Rooming reminder experiment:
•
Overview: Insights from patients and health care
professionals indicated that, often during routine
medical encounters, other complex medical issues are
prioritized, and cardiovascular prevention is not
addressed. These insights led to the decision to design
a rooming reminder experiment. The purpose of the
rooming reminder was to remind clinicians to address
cardiovascular prevention during upcoming encounters
using handouts that summarize the gaps in preventive
cardiovascular care for each patient. Handouts were
created and named the “Cardiovascular-Patient
Appointment Note” (Figure 2). During the experiment,
hard copies of these handouts were given to primary
care providers by a desk attendant for rapid review
before the encounter. The design team observed the
Cardiovascular-Patient Appointment Note impact on
provider-patient interactions and the content of the
medical visits. After 5 days, the team concluded that
the Cardiovascular-Patient Appointment Notes had
minimal impact. The notes affected only 21% (3/14)
of the visits from patients with ASCVDs from a total
of 196 visits during this time frame. Providers were
interviewed before starting the experiment and asked
follow-up questions after experiment completion. In
addition, providers were observed during the rooming
reminder experiment.
•
Output from the rooming reminder experiment: In total,
3 main insights were gained from the rooming reminder
experiment. First, not all the information in the EHR
was up to date. Second, only a small number of patients
not meeting V4 metrics came to the clinic weekly,
suggesting that focusing on current in-visit care will
not have the greatest impact. Third, the experiment
made clear that the visit context was a major influence
on whether cardiovascular health was evaluated.
Clinicians used their judgment to determine whether
the visit context was appropriate to discuss individual
patient
cardiovascular
metrics.
The
Cardiovascular-Patient Appointment Note successfully
prompted cardiovascular health conversations when
all variables identified in Textbox 3 were met, which
was rare. Although prompting discussions on
cardiovascular prevention during routine outpatient
visits can affect care, there is more opportunity to
optimize community health through intentional
encounters focused on cardiovascular prevention.
Reaching out experiment:
•
Overview: Insights that guided the “reaching out”
experiment were that cardiovascular prevention is often
not addressed during routine medical encounters and
that rooming reminders had minimal impact. The
purpose of the reaching out experiment was to actively
contact patients for intentional delivery of preventive
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•

cardiovascular care. This experiment had three phases:
(1) verification, (2) care coordination and sorting
algorithm, and (3) care output (Figure 3). In the
reaching out experiment, a total of 8 workflows and 48
processes were developed and tested. A detailed
description of these 3 phases is provided in the
following sections.
Verification phase: Overview: We learned that
clinicians must trust the information used for patient
management. However, EHR information is often
outdated and should be verified with patients before
making decisions. The purpose of the verification phase
was to gather updated information on the use of
guideline-recommended strategies directly from the
patients. Output from the verification phase: The initial
verification had 2 stages. First, messages were sent
through the Mayo Clinic portal app containing a survey
asking patients about their cardiovascular prevention
status. A team member called patients who did not
reply to portal messages and conducted a scripted
telephone interview with the same questions used in
the survey sent via the portal app. Textbox 4 shows the
patient survey questions. As an initial proof of concept,
89 web-based surveys were sent to patients active on
the Mayo Clinic portal app. The response rate was 40%
(36/89).

•

Care coordination and sorting algorithm phase:
•
Overview: The purpose of this phase was to define
criteria to assign the right patient to the right provider.
The insight that informed this step was the need to
assign the right patient to the right provider. Provider
skill sets had to match patient gaps in preventive care
such that health care professionals with the appropriate
skill set would be assigned to evaluate patients with
specific gaps in preventive cardiovascular care.
Examples from providers are shown in Textbox 5.
•
Output from the care coordination and sorting algorithm
phase: Initially, health care professionals (2
pharmacists, 2 RNs, and 1 advanced practice provider)
reviewed the charts of 10 patients with ASCVDs and
recommended which care team role should be assigned
to each patient. Subsequently, the design team worked
with health care professionals to articulate criteria for
an automated sorting algorithm assigning patients to
the most appropriate team member (both in terms of
licensure and specialty) to deliver care plans to each
patient tailored to care gaps.

•

Care output phase:
•
Overview: The purpose of “care output” was to use
patient preference for the selection of the type of
encounter for the delivery of cardiovascular prevention
by rural providers. The insight that informed the “care
output” was that patient preference defined the type of
encounter for the delivery of preventive cardiovascular
care. The options for encounter types were phone call
conversation, telemedicine, or in-person visit. For
example, patients with limited access to transportation
may prefer either phone call conversations or
J Med Internet Res 2022 | vol. 24 | iss. 8 | e27333 | p.1052
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•

Output from the care output phase: This experiment created
and tested workflows to assign encounter types based on
patient preference and 10 templates for clinical notes
documenting encounters.

Figure 2. Cardiovascular-Patient Appointment Note handout summarizing the status of use of guideline recommendations by a patient with atherosclerotic
cardiovascular disease. Handouts were given to primary care providers before encounters.

https://www.jmir.org/2022/8/e27333

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e27333 | p.1053
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Partogi et al

Textbox 3. Factors needed before initiating a cardiovascular preventive health conversation with patients.
Factors necessary for starting cardiovascular prevention evaluation
•

Visit appropriateness: visits regarding well-managed chronic care more readily transitioned to a conversation on cardiovascular metrics. By
contrast, complex or uncontrolled comorbidities became top visit priority and left little time for other discussion.

•

Patient appropriateness: provider perception of patient workload to capacity determined whether the provider would address cardiovascular
metrics.

•

Provider priorities: providers addressed what they viewed as patients’ health priorities. Providers needed to believe cardiovascular guideline (V4)
recommendations were important for patient health for them to address them. Trust between patient and clinician further enabled dialogue and
negotiation related to cardiovascular care.

•

Trust in information: providers needed to believe that the recommendations were tailored to each patient case and not based on generic guidelines.

•

Actionability of information: actionable recommendations reduced the time required for providers to match up information with next steps for
patients.

Figure 3. Design of the reaching out experiment.
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Textbox 4. Questions in the patient verification survey.
Questions
•

Do you currently take a daily aspirin?

•

Do you know the dose of aspirin you take daily?

•

Do you know another antiplatelet medication you take? Which dose?

•

Do you know which statin you take? Which dose?

•

Have you tried a statin in the past? Did you experience any adverse reactions because of the statin you took previously?

•

Would you be open to our team’s medication expert connecting with you to discuss medication strategies for reducing your risk of future
cardiovascular episodes?

•

Are you taking daily blood pressure (BP) medications?

•

Would you be open to a care team member (a pharmacist or nurses) working with you on custom strategies to lower your BP?

•

Do you have a BP monitoring device at home?

•

If known, what was your last BP reading from your home BP monitor? What date was it taken?

•

Are you currently using tobacco products?

•

Would you be open to our tobacco cessation coach calling you to offer information or see if you have questions?

•

If your care team wishes to recommend next steps, what would be the best means to contact you? Messages via the Mayo app, phone call, or
both?

Textbox 5. Example quotes from providers for the care coordination and sorting algorithm phase.
Example quotes
•

“The only thing about blood pressure vs statin and aspirin, statin and aspirin are you, you’re on it or you’re not on it, that’s it, blood pressure
we’re adjusting and fine tuning.”

•

“Smoking is definitely its own thing.”

•

“A lot of different medications, there are certain ones that need lab work, how often am I going to need to monitor you.”

•

“Statin and aspirin at a certain level you’re prescribing it now in a perfect world they are taking it as well. But you’re prescribing it whereas
smoking and blood pressure are contingent on patient behavior.”

•

“They need different tracks.”

•

“Different providers own different groups.”

Textbox 6. Example quotes from providers and patients for the care output phase.
Example quotes from providers
•

“Assisted living or at home, are they home bound?”

•

“Can they get out?”

•

“Barriers to even getting here (at the clinic) in the first place.”

•

“Where people live and how they get here (at the clinic).”

Example quotes from patients
•

“See somebody [health care provider] personally, I prefer that.”

•

“I like the good old phone call.”

•

“Coming to the clinic, oh it’s nice to be out.”
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Results

experiments to facilitate collaborative and iterative idea
generation [40].

Intervention Prototyping

This process resulted in the design of a sociotechnical
intervention prototype with the following components: (1)
finding the right patient, (2) verifying patient information, (3)
sorting and packaging patient information, and (4) assigning
the right provider and connecting with patients (Figure 4). Each
component of this intervention is described separately in the
following sections.

Overview
The purpose of this phase was to iteratively design an
intervention prototype with health care professionals based on
the insights from the experimentation phase. The design team
delivered handouts for health care professionals during detailed
perspective workshops summarizing insights from phase II

Figure 4. The final resulting intervention design is a sociotechnical system—a combination of roles, processes, and technology—to enable primary
care teams to improve the delivery of cardiovascular prevention strategies. CDS: clinical decision support.

Finding the Right Patient
On the basis of stakeholder feedback, rapid prototyping of the
CDS tool was conducted in the testing environment of the
web-based technology platform, termed Cohort Knowledge
Solution, using the Agile Scrum methodology for software
development [41]. The Cohort Knowledge Solution platform
is populated by EHR data that are computationally extracted
from the institutional data warehouse. Computational
phenotyping algorithms were installed in the Cohort Knowledge
Solution to automatically identify patients with ASCVDs and
identify individual gaps in adherence to V4 recommendations
[42].
ASCVDs include coronary artery disease, peripheral artery
disease (PAD), and ischemic stroke [43]. Rule-based billing
code algorithms for identification of patients with these
conditions were deployed via the Cohort Knowledge Solution
platform. Random samples of the retrieved data were manually
reviewed by a trained abstractor following the written criteria
for standardization to create a reference standard. The processes
to support accurate data collection were developed using
iterative validation cycles and used Boolean combinations of
billing codes [44]. The rule for retrieval of coronary artery
disease was a diagnostic code for myocardial infarction or
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angina pectoris or a procedural code for coronary
revascularization procedure (percutaneous or surgical); for
ischemic stroke, it required the presence of an International
Classification of Diseases, 10th Revision, diagnostic code for
ischemic stroke or transient ischemic attack; and, for PAD, a
diagnostic code and International Classification of Diseases,
10th Revision, procedural code for lower extremity limb
revascularization (endovascular or surgical) was required.
Performance metrics were generated by comparison with the
reference standards (Table 1).
Given the inferior performance of billing codes for PAD cohort
identification, a natural language processing algorithm for the
extraction of PAD from clinical narratives was also created and
validated with a sensitivity of 91% and a positive predictive
value of 92% [45]. This previously validated natural language
processing PAD algorithm was also deployed to the Cohort
Knowledge Solution to identify cases.
Wireframe usability tests were conducted with care team
members to identify which data were most relevant for planning
and delivering preventive cardiovascular care. The technology
developed also enabled these data to be retrieved from the EHR
data and displayed on the same screen with a single mouse click
(Figure 5).
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Table 1. Performance metrics for billing code algorithms in the Cohort Knowledge Solution.

a

Type of ASCVDa

Charts reviewed, N

Sensitivity, %

Positive predictive value, %

F1 score, %

Coronary artery disease

189

96

94

95

Peripheral artery disease

140

64

100

78

Stroke

156

98

81

89

ASCVD: atherosclerotic cardiovascular disease.

Figure 5. Cohort Knowledge Solution platform redesigned after user testing with health care professionals.

Verifying Patient Information
Health care professionals need the right information to deliver
medical care efficiently and effectively. Messages were
delivered to patients through the Mayo Clinic portal app with
survey questions regarding adherence to V4 recommendations
(Textbox 4 and Figure 6). Patients who did not complete the
portal survey, did not answer 3 phone calls from the study team,

or declined to participate in this project continued to receive
care through the usual model of care. Patients who opted to
participate in the intervention were connected with health care
professionals with expertise tailored to patient gaps for
cardiovascular prevention management. Survey responses were
used to update the EHR of each patient, and workflows were
designed to support the verification process.

Figure 6. Screenshot of the verification survey sent via the Mayo Clinic patient portal app.
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Sorting Algorithm
The design team adapted the sorting algorithm into criteria that
the informatics team translated into a sorting computational
algorithm for the Cohort Knowledge Solution. Examples of
criteria included “if patients were missing statin or anti-platelet,
send to pharmacist” or “if a patient reported taking an
undocumented anti-platelet, message nurses to update the
medical record.” The workflows were redesigned by
incorporating the new CDS technology.

Packaging Patient Information
The design team originally assumed that the local care team
members (eg, pharmacists and nurses) would use the platform.
However, during usability testing, the participant health care
professionals expressed dissatisfaction with the thought of using
another tool for clinical practice. Accordingly, the workflow
was redesigned to have a dedicated remote user—analogous to
the role of an “air traffic controller.” This dedicated remote user
took responsibility for care coordination using the Cohort
Knowledge Solution in a central hub model. Once patients had
filled the verification questionnaire, the dedicated user
aggregated relevant patient information within the Cohort
Knowledge Solution and electronically assigned it to the right
provider.

Assigning the Right Provider
The dedicated user leveraged the Cohort Knowledge Solution
sorting algorithm to identify the right providers and sent an

Partogi et al
in-basket message with the aggregated medical information.
The care team members, often nonphysician health care
professionals, used the packaged medical information to plan
care and “connect with patients” following workflows
specifically designed for this phase.

Connecting With Patients
Rather than developing new cardiovascular visits, we focused
on routing patients to the existing visit types. Therefore, the
redesigned workflows assigned the right patient to the right
provider. The provider reviewed the packaged medical
information and initiated communication, such as phone calls,
video telemedicine, or face-to-face encounters, based on patient
preferences and needs.

Centralized Hub Model
To address obstacles stemming from the rural provider shortage,
a regionalization of the care hub model was designed (Figure
7). Verifying and packaging patient information took place in
a central rural hub with dedicated resources assisted by
technology to gather and summarize the patient-specific gaps
in preventive care. The information gathered at the central hub
was shared with the right rural provider for delivery of care
locally. The central hub gathered all the information necessary
for the delivery of care, reducing the need for manual chart
review by health care professionals and enabling them to focus
on delivering tailored care.

Figure 7. The regionalization of the care hub model.

Phase III—Testing
A 3-month prospective randomized pilot trial was conducted
in the outpatient primary care clinic in Austin, MN. The goal
of this pilot was to test and iteratively refine the sociotechnical
intervention prototype with all the components, as shown in
Figure 4. Patients with ASCVDs were assigned to the
https://www.jmir.org/2022/8/e27333
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intervention or control arm by stratified randomization with
strata based on the number and types of V4 cardiovascular
recommendations in use. The intervention was a rural-specific
and sociotechnical model prototype that was proactive and
delivered preventive cardiovascular care specific to each patient.
The care delivery model for the control arm was usual care,
which is a symptom-based and reactive model. In the usual care
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model, health care professionals rely on patients to contact the
system for evaluation of symptoms [46,47]. Patients assigned
to the control and intervention arms were evaluated during the
same period. A Cohort Knowledge Solution ASCVD registry
was used to identify patients with ASCVDs. A total of 369
patients with ASCVDs on ≤3 V4 guideline recommendations
were randomly assigned to the control (n=182, 49.3%) or
intervention (n=187, 50.7%) arm. Baseline clinical
characteristics were similar in patients assigned to the 2 study
arms (Table 2).

preferred strategy. Those who did not respond to this question
were not contacted. Of the 154 contacted patients, 86 (55.8%)
responded to the patient survey via electronic messages or
scripted telephone interviews in <3 months. These patients were
subsequently assigned to nonphysician health care professionals
for the proactive delivery of patient-specific V4 strategies for
secondary prevention. There were no differences in the
proportion of patients implementing guideline recommendations
between those who answered the survey via the patient portal
and those who answered the survey by phone call.

Subsequently, the medical records of all patients were reviewed
by a trained abstractor before surveying to find extenuating
circumstances that would justify not reaching out to a given
patient during the pilot. These circumstances included dementia
or cognitive impairment, end-stage medical conditions on
hospice care, active cancer treatment, hospitalization during the
pilot, patient relocation to a different county and no longer
receiving medical care from MCHS Austin, upcoming
cardiology appointment within 3 months of the pilot, or other
medical conditions that did not require the use of V4 (Figure
8). These reasons were discussed with health care professionals
in the detailed perspective workshops and subsequently
incorporated into the workflows.

The primary outcome of the pilot trial was the proportion of V4
recommendations delivered, as measured by encounters with
nonphysician health care professionals. Encounters with
nonphysician health care professionals (nurses, pharmacists, or
tobacco cessation coaches) included consults (in person or via
telemedicine) or phone conversations. During the pilot, the
proportion of patients who had encounters with nonphysician
health care professionals for delivery of V4 recommendations
in the intervention arm was greater for all types of professionals
than in the control arm (Table 3). After exclusion of the 33
patients who crossed over from the intervention arm to the
control arm, similar results were observed. In subsequent
analysis removing all participants in the control arm who met
the criteria for exclusion from the intervention arm (73/369,
19.8%), the results remained unchanged.

A total of 33 patients crossed over to the usual model of care
arm for analysis after this review. After crossing over, 82.4%
(154/187) of eligible patients remained in the intervention arm
and were surveyed. The patient survey (depicted in Textbox 4)
was a component of the intervention and was delivered via
portal messages or addressed during scripted telephone
interviews. Patients in the intervention arm completed the
verification survey and answered the following question: “If
your care team wishes to recommend next steps, what would
be the best means to contact you? Messages via the Mayo app,
phone call, or both?” The patients were contacted using their

During and after the pilot, health care professionals were
interviewed, and the information gathered was used to further
refine the intervention. The pilot trial demonstrated that this
model (1) connected the right health care professional with the
right patient, (2) saved time by reducing the need for manual
chart review, (3) enabled health care professionals to work to
the top of licensure, (4) has potential for expansion to other
conditions, and (5) promoted interdisciplinary collaboration to
optimize care.

Table 2. Characteristics of patients assigned to the control and intervention arms (N=369).
Clinical variablesa

Control arm (n=182)

Intervention arm (n=187)

Age (years), mean (SD)

71 (13)

71 (14)

Sex (male), n (%)

92 (50.5)

95 (50.8)

Race (White), n (%)

167 (91.8)

174 (93)

Ethnicity (“not Hispanic or Latino”), n (%)

171 (94)

178 (95.2)

Married, n (%)

94 (51.6)

103 (55.1)

Taking antiplatelet medications, n (%)

120 (65.9)

121 (64.7)

Taking statin medications, n (%)

111 (61)

112 (59.9)

Nonsmokers, n (%)

132 (72.5)

135 (72.2)

Blood pressure at goal, n (%)

87 (47.8)

89 (47.6)

a

Two-sample 2-tailed t tests were used to compare means, and chi-square tests were used for comparison of percentages; all P values comparing the
control and intervention arms were not significant (P>.05).
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Figure 8. Pilot trial design. V4: cardiovascular guideline recommendations. *Extenuating circumstances included dementia or cognitive impairment,
end-stage medical conditions on hospice care, active cancer treatment, hospitalization during the pilot, patient relocation to a different county and no
longer receiving medical care from the Mayo Clinic Health System Austin, upcoming cardiology appointment within 3 months of the pilot, or other
medical conditions that did not require the use of V4.

Table 3. Number of encounters for the delivery of cardiovascular guideline recommendations (V4) by nonphysician health care professionals during
the pilot (after crossover; N=369).

a

Control arm (n=215)a, n (%)

Intervention arm (n=154)a, n (%) P valueb

Nursing encounters for the delivery of V4 recommendations

48 (22.3)

51 (33.1)

.02

Pharmacist encounters for the delivery of V4 recommendations

1 (0.5)

31 (20.1)

<.001

Tobacco cessation coach encounters for the delivery of tobacco discontinuation strategies

3 (1.4)

30 (19.5)

<.001

Total number of patients in each arm after crossing over.

b

Two-sample 2-tailed t tests were used to compare means, and chi-square tests were used for comparison of percentages; for all analyses, P<.05 was
considered significant.

Discussion
Principal Findings
This study used participatory design and the sociotechnical
theory framework to create a team-based care model for the
coordination and delivery of secondary prevention to rural
patients with ASCVDs by nonphysician health care
professionals. The new model of care redesigned workflows,
https://www.jmir.org/2022/8/e27333
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integrated health care professional roles, and deployed a novel
CDS technology. The subsequent pilot trial demonstrated the
feasibility for effective implementation of this new model of
care in a rural outpatient clinic. For the next phase of this
project, a scalable intervention is planned to be implemented
in other rural sites of the MCHS and evaluated in a multisite
trial.
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The requirements for successful practice transformation include
changes in both workflows and technology [48]. Importantly,
the optimal use of technology is dependent on the interrelation
of the system with skilled and pragmatic work by health care
professionals [49]. The design of systems focusing only on
technological factors has been a major contributor to their
underuse [36,50]. A previous study showed that, for most
patients (80% of 5568 patients), providers disregarded the
recommendations of a CDS to improve the use of ASCVD
secondary prevention at hospital discharge [51]. In that study,
the CDS was not part of a sociotechnical system and was not
integrated with provider workflows [51]. The low use rate of
an EHR-based CDS for cardiovascular risk reduction in
community health centers was also reported in a cluster
randomized clinical trial that focused on CDS technology
[52,53].
This study reported a practical application of the sociotechnical
system theory framework to design an intervention to improve
the delivery of cardiovascular prevention. The sociotechnical
design approach considers both technological and social factors
to inform system design [50,54,55]. The use of a sociotechnical
theory approach for system design leads to systems that are
more acceptable to users and have long-term sustainability
[36,56,57]. For these reasons, the sociotechnical design approach
was used to design an intervention that will be likely sustainable
when implemented in the rural sites of a large medical
enterprise.
A previous study in India developed a CDS tool for
cardiovascular risk screening used for single-visit encounters
[58]. In that study, the CDS was not linked to information from
EHRs, and it was not possible to follow patients longitudinally,
which is a fundamental requirement for the workflow of
providers managing secondary prevention strategies for patients
with ASCVDs. By contrast, the CDS of this study was populated
with data automatically extracted from EHRs, enabled the
delivery of longitudinal care for patients with ASCVDs, and
was integrated with provider workflows. A second study
reported a CDS linked to the EHR for the primary prevention
of patients without established ASCVDs in an urban setting,
and a printed copy of the CDS summary screen containing the
patient-specific status of use of guideline recommendations was
placed on the exam door for rapid review by providers before
the encounter [59]. In this study, the rooming reminder
experiment used a similar approach. However, this strategy had
minimal impact as not all the information in the EHR was up
to date, only a small number of patients not meeting V4 metrics
came to the clinic weekly, and the visit context had a major
influence on whether cardiovascular health was evaluated. On
the basis of these insights, the subsequent experiment (reaching
out) aimed to actively contact patients for the intentional
delivery of preventive cardiovascular care. Insights from the
reaching out experiment became a core component of the new
model for the intentional delivery of care designed for this study.
Health care professionals work in teams and are commonly
assisted by computerized information systems. These systems
display the information that different health care professionals
need to complete their work. Scandurra et al [28,60] proposed
multidisciplinary thematic workshops based on participatory
https://www.jmir.org/2022/8/e27333
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design and computer-supported participatory work theories.
This method uses a collaborative design and enables the
translation of health care professionals’ needs into technical
requirements. This study applied this methodology for the
development of a team-based model of care, enabling
multidisciplinary co-operation among team members for the
delivery of preventive care for rural patients with ASCVDs.
A systematic review of the literature by Hardy et al [61] showed
that access to the internet, digital literacy, and computer skills
are important characteristics for the design of sustainable
technology tools for residents of rural areas. This pilot recruited
older adult patients from rural communities. Patient recruitment
was first conducted using patient portal messages. We observed
a low response rate to portal messages and, in the intervention
group, 39.6% (61/154) did not have active portal accounts.
Other studies have also demonstrated that access to and ability
to use technology and the internet are barriers to the use of
portals by older adult patients [62-64]. To overcome these
barriers, in this study, patients who did not have active portal
accounts or did not respond to portal messages were contacted
by phone. The same survey questions sent via portal messages
were used for scripted telephone conversations. The survey
questions were simple and focused on patient-specific gaps in
preventive cardiovascular care. The survey response rate of
55.8% (86/154) was superior to the 43.9% response rate of a
previous survey of community-dwelling older adults in rural
areas [14].
On the basis of our observations, rural providers need to consider
patient preference for visit type to mitigate barriers to
transportation and limited mobility, which often occur in rural
residents, especially older adults, who were a major target group
for this intervention. Compared with their urban counterparts,
rural citizens are more prone to mobility and transportation
barriers that make access to health care difficult [61]. In
mitigation, phone conversations and telemedicine became
options of visit types connecting patients and providers for the
delivery of secondary prevention strategies for patients with
ASCVDs. In addition, it is important to underscore that rural
society values “neighborliness,” which manifests as trust in
community members and potential distrust of outsiders [61].
The intervention developed in this study leveraged
neighborliness and supported a rural place-based identity.
Consequently, the hub model was maintained regionally rather
than centrally in Rochester, MN (Mayo Clinic headquarters).
The regionalization of the care model promoted the delivery of
care by rural providers. During the implementation of this
intervention, staff resources will be distributed to serve small
rural clinics located in the area covered by a hub. In other rural
health care settings, a similar process for the allocation of rural
providers may be used.
The novel model of care described in this study assigns the right
patient to the right professional for the delivery of preventive
care. In addition, the selection of the encounter type was based
on patient preference for in-person visits at the clinic, phone
conversations, or video encounters via telemedicine. This
flexibility facilitated access to health care professionals for
patients with limited transportation resources. Furthermore, this
model also enabled a patient-centered health connection that
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goes beyond traditional symptom-based visits. The primary
outcome of the pilot trial was the proportion of V4
recommendations delivered, as measured by encounters with
nonphysician health care professionals. These metrics were set
a priori following good practice. During the pilot, the proportion
of patients who had encounters with nonphysician health care
professionals for the delivery of V4 recommendations in the
intervention arm was greater for all types of professionals than
in the control arm. Therefore, the pilot trial showed that this
model connected the right health care professional with the right
patient for the delivery of guideline-recommended strategies
for patients with ASCVDs, demonstrating the feasibility of the
intervention.

Limitations
The pilot study was not powered to evaluate the differences in
the use of specific guideline-recommended strategies. However,
we are planning a subsequent prospective randomized
implementation trial in the Midwest sites of the MCHS with
central hubs spanning multiple rural clinics. This trial will be
powered to evaluate the impact of the intervention on the
proportion of patients using specific guideline-recommended
strategies. In preparation for this implementation, the informatics
and IT teams have been building the additional Cohort
Knowledge Solution functionalities designed in this study, which
are aligned with the new workflows. These functionalities
include automation of the sorting algorithm and automated
retrieval of extenuating circumstances.
The reason for not including patients in the workshops was that
the Cardiovascular-Patient Appointment Note experiment
showed that a major obstacle for the delivery of preventive
cardiovascular care was the difficulty in reaching out to patients.
Strategies for health care professionals to reach out to patients
were developed to overcome this barrier. The cost of visits was
a concern for patients. However, during this study, there was
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no additional cost for the patients. Further analysis of the cost
of health care and strategies for billing will be performed during
the implementation phase. During the pilot trial, health care
professionals were asked questions about their experience with
the intervention. However, patients were not asked similar
questions. During the planned implementation trial, patients
will be asked to identify barriers to and facilitators of the
implementation of this sociotechnical intervention.
This novel team-based model of care was specifically designed
to enable the delivery of care in resource-constrained clinics
located in rural communities and promotes teamwork with
shared responsibilities among team members. For clinics that
do not have certain types of health care professionals (eg,
pharmacists), we propose to use the resources of the regional
hubs, in which health care professionals from other rural clinics
could remotely support the teams where this specific expertise
is not available. In addition, during the process of
implementation, further information will be gathered about the
characteristics of the intervention that are necessary for
adaptation to other enterprises. Other implementation studies
are needed to evaluate the reproducibility and scalability of this
model of care to other enterprises that deliver health care to
patients in rural communities.

Conclusions
Participatory design within the sociotechnical theory framework
enabled the development of a rural-specific, team-based care
intervention assisted by CDS technology for the transformation
of preventive health care delivery in rural clinics for patients
with ASCVDs. By systematically promoting preventive care,
this intervention has the potential to strengthen longitudinal
relationships between clinics and their communities—the
underlying requirement for secondary prevention for patients
with ASCVDs in rural settings.
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Abstract
Background: Historic constraints on research dollars and reliable information have limited firearm research. At the same time,
interest in the power and potential of social media analytics, particularly in health contexts, has surged.
Objective: The aim of this study is to contribute toward the goal of establishing a foundation for how social media data may
best be used, alone or in conjunction with other data resources, to improve the information base for firearm research.
Methods: We examined the value of social media data for estimating a firearm outcome for which robust benchmark data
exist—specifically, firearm mortality, which is captured in the National Vital Statistics System (NVSS). We hand curated tweet
data from the Twitter application programming interface spanning January 1, 2017, to December 31, 2018. We developed machine
learning classifiers to identify tweets that pertain to firearm deaths and develop estimates of the volume of Twitter firearm
discussion by month. We compared within-state variation over time in the volume of tweets pertaining to firearm deaths with
within-state trends in NVSS-based estimates of firearm fatalities using Pearson linear correlations.
Results: The correlation between the monthly number of firearm fatalities measured by the NVSS and the monthly volume of
tweets pertaining to firearm deaths was weak (median 0.081) and highly dispersed across states (range –0.31 to 0.535). The
median correlation between month-to-month changes in firearm fatalities in the NVSS and firearm deaths discussed in tweets
was moderate (median 0.30) and exhibited less dispersion among states (range –0.06 to 0.69).
Conclusions: Our findings suggest that Twitter data may hold value for tracking dynamics in firearm-related outcomes,
particularly for relatively populous cities that are identifiable through location mentions in tweet content. The data are likely to
be particularly valuable for understanding firearm outcomes not currently measured, not measured well, or not measurable through
other available means. This research provides an important building block for future work that continues to develop the usefulness
of social media data for firearm research.
(J Med Internet Res 2022;24(8):e38319) doi:10.2196/38319
KEYWORDS
firearms; fatalities; Twitter; firearm research; social media data

Introduction
Motivation
Firearm violence is a major and costly public health burden in
the United States [1-3], and constraints on the availability of
https://www.jmir.org/2022/8/e38319
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research dollars and reliable information to support firearm
research have imposed limits on the ability to gather scientific
evidence on effective gun policy [4-7]. At the same time, interest
in the power and potential of social media analytics in public
health contexts has surged. Several aspects of social media data
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have heightened their promise as a resource, including the fact
that the data are inexpensive to obtain compared with survey
data; provide access to continuous, automated, and
near–real-time monitoring; and are passively collected in a
naturalistic setting as part of an individual’s day-to-day life,
eliminating biases inherent to sampling procedures,
questionnaires, and recall [8-13]. Such data are, of course, not
without their own methodological challenges and limitations,
and practices for their ethical and meaningful use are evolving
[14-16].

and reliable information on a specific gun outcome measured
by geographic area. Our goal was to begin to establish a
foundation for how social media data may be used by itself or
in conjunction with other data resources, such as through
data-blending techniques, to improve the information base on
which firearm research relies.

To date, such data have been deployed in firearm-related
research in several ways, including to record narratives,
sentiment, and emotion around shooting events [17-20];
characterize gun advertisements on social media [21]; and reflect
opinions on gun policies and gun control [22,23]. In this paper,
we take up the question of how social media data may contribute
to understanding firearm-related outcomes. We identify
methodological approaches, challenges, and limitations
associated with using social media data for understanding a
specific firearm outcome—firearm mortality—for which a
benchmark measure for comparison is available from a
traditional data source. The analysis of firearm mortality is
intended to serve as a test of the potential utility of social media
data for understanding firearm outcomes not currently measured,
not measured well, or not measurable through other available
means.

The institutional review board of Georgetown University
reviewed our submission, STUDY00002288, and determined
the study to be exempt.

Assessing the Usefulness of Twitter Data
Specifically, we assessed the usefulness of Twitter data for
understanding firearm mortality. Twitter is an online
microblogging platform that has >206 million daily active users
worldwide and >77 million daily active users in the United
States [24]. A key feature of Twitter is its short format: members
can only post messages, known as tweets, of up to 280
characters. We developed machine learning (ML) classifiers
for identifying tweets that pertain to firearm fatalities and
compared measures of firearm-fatality discussion volume to
firearm-fatality estimates by state from the National Vital
Statistics System (NVSS). The NVSS represents one of the few
sources of US health-related data with consistently collected

Methods
Ethics Approval

Overview
Our overarching approach was to compare—within state over
time (by month)—measures of firearm-fatality tweet discussion
volume with NVSS estimates of firearm fatalities using Pearson
linear correlations. Methodologically, with respect to Twitter
data, we used a multistage process as described in detail in the
following subsections. We first describe our benchmark data
and then describe in detail our approach to analyzing Twitter
data.

Benchmark Data
Our benchmark data are NVSS estimates of overall firearm
fatalities by state and month for 2017 and 2018. Diagnostic
(International Classification of Diseases, Tenth Revision) codes
in the NVSS identify mortality from accidental firearm
discharges, assaults (homicides) by discharge of firearms, and
intentional self-harm (suicides) by firearms. Data are collected
nationwide using standardized forms and a set of common
procedures to ensure comparability of data across locations.

Twitter Data
We developed a Twitter-based gun-related analytic platform
based on content culled from the Twitter Enterprise application
programming interface (API) for the 2017-2018 time period
through the multistage process depicted in Figure 1. The process
consists of 4 stages to prepare the data for ML and 3 stages
associated with ML analysis.

Figure 1. Construction of the Twitter-based gun-related analytic platform. API: application programming interface; ML: machine learning.

The API allows permitted users to access publicly available
Twitter content—including tweets; tweet IDs (a unique
identification number generated for each tweet); and Twitter
profile information such as display name, username, user bio,
and publicly stated location—under a developer agreement. The
developer agreement requires that the data are used in ways
consistent with people’s reasonable expectation of privacy and
https://www.jmir.org/2022/8/e38319
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are not used for developing, creating, or offering commercial
services in ways that violate Twitter’s policies. To identify
relevant tweets, we hand curated a selected set of keywords and
hashtags relating to firearms by looking at a random sample of
actual tweets and using keywords identified in previous
literature. The query we used to collect data from the API
included >200 keywords and hashtags (Multimedia Appendix
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38319 | p.1068
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1). The data retrospectively collected through the API adds a
language label to each tweet. In this study, we used tweets
labeled as being written in English.
The initial database we derived from the Twitter API using our
curated set of firearm-related keywords and hashtags included
>2.3 million tweets for 2017 and 2018. More specifically, we
obtained 651,466 tweets from 2017 and 1,675,083 tweets from
2018 (with the increase in the number of tweets over time
reflecting larger trends in Twitter discussion on the topic). Given
that billions of tweets are posted each year in English on Twitter,
the discussion of firearms constitutes a relatively modest size.
Next, in stage 2, because social media data are subject to the
influence of robots, advertisers, and marketers, the data must
be classified and filtered to exclude irrelevant data. We used a
multistage process to identify and remove spam (advertising,
dead links, pornography, etc). We began by detecting spam
using a content-based algorithm because spam can be generated
by both humans and bots. The content-based algorithm first
looks for website URLs related to known advertising, phishing
scheme, malware, gambling, and pornography sites. Our spam
blacklist contains >2 million website URLs. The second part
of the spam classifier looks for content that maps to standard
spam content or differs significantly from other content on the
tweet stream being collected [25].
In stage 3, we randomly sampled tweets from the resulting data
for manual labeling—a process of assigning each tweet a set of
characteristics, or features, relevant to the study question. We
labeled three firearm-related features of tweets: whether the
tweet pertains to (1) firearms (2) fatality or fatalities, or (3) a
mass shooting. Our analyses focused on firearm fatality (a
combination of characteristics 1 and 2) and mass shooting. We
also labeled tweets as an advertisement or irrelevant, spam, or
noise and used these labels to further improve our spam
classifier and remove identified spam tweets from further
analysis.
The manual labeling process relied on crowdsourced, distributed
labor through Amazon Mechanical Turk (MTurk) [26-28]. We
recognize that varying and evolving views exist regarding the
use of this platform [29-31] and were attentive to these
considerations in our study design, which was vetted and
approved by our institutional review board. We applied best
practices, creating as clear and streamlined a task as possible
and training MTurk coders through a written instruction guide
and with labeling examples (Multimedia Appendix 2) [32].
Recent research confirms that MTurk can be a useful resource
for quickly gathering reliable data labels for training ML models
when best practices are used [33].
We required each tweet to be labeled by 5 different coders, and
we calculated the interrater reliability of labeling across coders.
The manual labeling process continued until we reached a
threshold number (minimum of 400) of tweets that were labeled
as positively identifying a particular characteristic. We found
that at least 400 tweets for each class in our ML model was
reasonable for building a reliable classifier for our learning
tasks. The total number of tweets labeled for each characteristic
varied because coders may label one or more characteristics for
each tweet, rather than all characteristics for each tweet.
https://www.jmir.org/2022/8/e38319

XSL• FO
RenderX

Singh et al
As a means of assessing the manual labeling process, we
calculated 2 scores for the set of tweets labeled for each
characteristic. The first measured task agreement. For each
tweet, we assigned the value of the characteristic being measured
according to the majority vote (eg, if, of 5 labelers, 3 chose yes
for firearm-related and 2 chose no, we assigned the value of
yes) and then calculated the percentage of coders who agreed
on this value (in this case, 3/5 = 60%). The task agreement is
the average across all tweets for a given characteristic of this
score. Second, we calculated a worker performance score for
each coder in which the denominator was the total number of
characteristics a coder labeled, and the numerator was the
number of characteristics labeled for which the coder’s assigned
label aligned with the majority vote. We then calculated the
average worker performance score for the set of coders who
labeled the set of tweets used for measuring each of the
characteristics.
Table 1 summarizes the number of tweets that were manually
labeled along with task agreement and worker performance
score metrics.
As shown in Table 1, we found high rates of task agreement
and worker performance for identifying firearm fatalities
(97.14% and 97.19% for task agreement and worker
performance, respectively) and mass shooting events (95.42%
and 94.96% for task agreement and worker performance,
respectively). We noted that 50 tweets that were labeled as being
firearm-related were not labeled with a mass shooting
characteristic. This occurred in our initial experiment of the
labeling task. In this experiment, we labeled tweets as being
about a mass shooting, homicide, or suicide. If a tweet was
labeled as being about a homicide or suicide, we did not ask
the labeler to determine whether the tweet was about a mass
shooting. In subsequent experiments, we only focused on
capturing firearm-related deaths more broadly and mass
shootings explicitly to allow for count adjustments. Therefore,
for subsequent experiments (we collected a few hundred labels
at a time), we always asked labelers to determine whether a
tweet about firearm-related fatality was discussing a mass
shooting event.
In stage 4, we defined reliably labeled tweets as those for which
there was manual labeling agreement among ≥3 coders. We
dropped tweets that had a reliable label of uncertain or were not
reliably labeled from further analysis. This means that our
training data did not include ambiguous tweets and, therefore,
may undercount our characteristics.
The next three stages (stages 5, 6, and 7) of the process involved
firearm-related ML. In stage 5, we divided the subset of reliably
labeled tweets into training data—on which we built ML
classifiers—and holdout data, which were used to validate the
classifiers. We randomly selected 80% of reliably labeled tweets
for the training data and 20% for the holdout. When building
the ML classifiers, we used 5-fold cross-validation on the
training data to measure the reliability of the classifiers.
Cross-validation is a resampling procedure that allows
researchers to determine whether their ML models are
generalizable [34-36]. In 5-fold cross-validation, the data set is
partitioned into 5 equal subparts (or folds). Of the 5 folds, 4
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(80% of the data) are used for training, and 1 (20% of the data)
is used for testing. This is repeated 5 times so that each fold is
part of the training set 4 times and part of the testing set 1 time,
and the final accuracy of the model is determined by taking the
mean accuracy of all the created models on the testing set.
We began building ML classifiers to identify tweets pertaining
to a firearm fatality and to a mass shooting. We minimally
preprocessed the data: lowercased text, removed punctuation
and URLs, and removed stopwords. We generated a number of
features for the ML classifiers: frequent n-grams, words and
phrases, and sentiment. The classifiers we compared were
random forest, support vector machine, logistic regression,
decision tree, and naïve Bayes. In stage 6, we validated the
classifiers we developed for firearm fatalities and mass shootings
in stage 5 by further testing them on holdout data. We calculated
the sensitivity and specificity of the ML model predictions
against those of the manually coded firearm-fatality label.
Table 2 summarizes the best-performing ML classifier for each
classification task along with the training and holdout data set

sizes and a measure of reliability based on the testing data, using
our cross-validation approach, and the holdout data. The
F1-score is a weighted average of sensitivity and specificity
(precision and recall) that considers both false positives and
false negatives. For firearm-related fatality, we had 6045 labeled
tweets. For mass shooting, we had 5842 labeled tweets. Because
of heavy skews (imbalance) in the training data, we randomly
undersampled from the labeled data of the majority label to
balance the training and holdout data sets. Table 2 shows the
training and holdout data set sizes after this procedure.
We selected random forest classifiers for both firearm fatalities
and mass shooting characteristics. The F1-scores, as shown in
Table 2, are high and comparable for the testing and holdout
data, indicating a clear ability of the classifiers to generalize
beyond the training data set.
Stage 7 completed the development of our Twitter-based
gun-related analytic platform with the third and final piece of
the ML analysis. In stage 7, we applied the validated classifier
to identify firearm-fatality tweets.

Table 1. Manually labeled tweet characteristics.
Tweet label

Firearm-related fatality

Mass shooting

Total number of tweets labeled (yes, no, unsure)

5868 (5528, 330, 10)

5478 (419, 5056, 3)

Task agreement, %

97.14

95.42

Worker performance score, %

97.19

94.96

Prediction task

Firearm-related fatality

Mass shooting

Training data size, n

1142

1038

Holdout data size, n

286

256

Best ML classifier

Random forest

Random forest

F1-score: cross-validation, test data, mean (SD)

0.91 (0.017)

0.88 (0.012)

F1-score: holdout data

0.90

0.88

Table 2. Machine learning (ML) classifier type and reliability.

Geographic Area Estimation of Twitter
Firearm-Fatality Discussion Volume
The NVSS classifies fatalities according to the geographic
jurisdiction in which the fatality occurred. Thus, for comparison
with the state-level NVSS estimates, the location of the fatality
being discussed on Twitter is the location of interest (vs the
location of the individual who is tweeting). We relied on the
tweet content to identify the location of the fatality because
location information from either profile information or tweet
geocoding (which some users permit) identifies the location of
the user (as opposed to location of the fatality).
Importantly, location mentions in tweets primarily refer to city
names. In some cases, state name is also mentioned, whereas
in other cases, state can be inferred from the city name. To
obtain a reasonably sufficient number of tweets per location for
estimating area-level fatality discussion volume, we focused on
identifying the larger cities mentioned in tweets. Specifically,
we identified tweets in our sample that mentioned any of the
https://www.jmir.org/2022/8/e38319
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250 most populous cities in 2018 (based on US Census data
[35]). A limitation of this approach is that it focuses on fatalities
in urban areas rather than in rural areas.
We augmented the list of 250 city names with alternative city
names commonly used on social media, such as nyc, and with
city names that contain no spaces between multiple words, such
as sanfrancisco. We standardized posts—converting the text to
lowercase and removing URLs, user mentions (words prefixed
with @), and common phrases that may look as though they
are city mentions when they are not. An example of a common
phrase we removed is drag queens because it may be accidently
mapped to Queens, New York City, New York. After
standardization, we searched the text for city names that matched
our location ontology. The majority of city names among the
250 are associated with, and can thus be reliably mapped to, a
single state. For our specific set of tweets, there were no cities
mentioned that mapped to multiple states.
We summed tweet discussion volume across the most populous
cities within a state to create a state-level measure. We
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constructed state-level estimates for Arizona, California,
Colorado, Florida, Georgia, Illinois, Indiana, Kentucky,
Louisiana, Maryland, Massachusetts, Michigan, Missouri,
Nevada, New Jersey, New York, North Carolina, Ohio,
Pennsylvania, Tennessee, Texas, Virginia, Washington, and
Wisconsin. We excluded from further analysis those states for
which the sample size of tweets was <200 tweets after the mass
shooting adjustments (described in the next paragraph) because
they are home to only one or only a few of the more populous
cities (eg, Idaho, Iowa, Nebraska, and Oregon), and the populous
cities in the state are relatively small (eg, Kansas, Alabama, and
Arkansas).
The resulting data set, after applying the best ML classifier to
identify firearm-fatality tweets and identifying the state of the
fatality using location mentions, included 31,747 tweets from
2017 and 44,779 from 2018. We summarized firearm-fatality
discussion volume for each state using these data. We then
adjusted the state-level estimates of firearm-fatality discussion
volume in 3 ways. First, mass shooting events tend to generate
disproportionately high levels of discussion, that is, levels of
discussion that are far higher than for other less high-profile
fatalities. We accounted for the potential distorting influence
of mass shooting events on the relationship between a gun
fatality and tweet discussion volume by excluding tweets from
the location of mass shooting events for a period of 1 week after
the event. We based the 1-week exclusion period on observed
trends in mass shooting discussion volume. We identified mass
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shooting events during the time frame of our data using
information from the Gun Violence Archive [37], Everytown
Research [38], and The Violence Project [39]. Finally, we
adjusted our estimates of state-level discussion volume by the
percentage of the state-level population that uses Twitter [40].
We tested for serial correlation and found that the NVSS data
contained 10 states in our final data set with some moderate
serial correlation, and the Twitter data contained 5 states with
moderate serial correlation. For this reason, we made each time
series stationary by differencing monthly estimates [41]; we
refer to this as the Change result. For the level correlation, we
removed states in which both time series had higher levels of
serial correlation because the correlation is valid if one of the
time series exhibits serial correlation and the other does not
[42]. This issue arose with four states: Georgia, Indiana,
Michigan, and North Carolina.

Results
Correlation Analysis
Table 3 shows results from our correlation analysis. We
estimated the correlation within state by month between the
level of firearm-fatality discussion volume and the level of
NVSS-reported fatalities, as well as the correlation within each
state in the monthly change in discussion volume versus the
monthly change in the NVSS fatality rate.

Table 3. Results of correlation analysisa.

a

Discussion volume

Discussion volume adjusted for average state-level Twitter use

LEVEL: Correlation, range

–0.293 to 0.535

–0.289 to 0.537

LEVEL: Correlation, mean; median

0.085; 0.091

0.087; 0.093

CHANGE: Correlation, range

–0.057 to 0.682

–0.059 to 0.688

CHANGE: Correlation, mean; median

0.313; 0.303

0.312; 0.301

Pearson linear correlations are reported.

The correlation between the monthly level of firearm-fatality
tweets and the monthly number of fatalities measured by the
NVSS is weak (median 0.081) and widely dispersed across
states (range –0.31 to 0.54). The correlation between
month-to-month changes in firearm fatalities discussed in tweets
versus those estimated in the NVSS is moderate (median 0.30)
and exhibited less dispersion among states than the monthly
level correlations (range –0.057 to 0.68). For the correlation
among month-to-month changes in firearm fatalities, almost
half (11/24, 46%) of the states have correlations ranging from
0.1 to 0.4. More than a quarter (7/24, 29%) of the states have
correlations below this range, and a quarter (6/24, 25%) have
correlations above this range. The results for the adjusted
discussion volume (second row of Table 3, discussion volume
adjusted for Twitter use in the state) are very similar to the
unadjusted results, with negligible differences observed in
estimated correlation rates.
Figure 2 provides additional details for the correlation in
monthly changes in fatality discussion volume and
NVSS-estimated fatalities, with a depiction of state-by-state
https://www.jmir.org/2022/8/e38319

XSL• FO
RenderX

(adjusted) correlation rates for 2017. White-shaded states have
no correlation. The darker the purple shade of a state, the higher
the correlation. The gray-shaded states are those for which we
were not able to estimate a Twitter fatality discussion rate (refer
to the Twitter Data subsection under Methods). Not
unexpectedly, the strength of the correlation seems to be related
to the percentage of the state’s population living in one of the
most populous cities that we use in our location ontology; for
example, one-third or more of the state population in Texas,
New York, and Arizona reside in one of the top 100 most
populated cities in the state (34%, 44%, and 51%, respectively).
These states exhibit some of the highest correlation rates
between monthly fluctuation in firearm-fatality discussion
volume and NVSS-based fatality estimates. Likewise, Georgia,
Michigan, and Maryland are among the states with both the
lowest percentage of their population living in more populous
cities (5%, 7% and 10%, respectively) and have some of the
lowest rates of correlation among the states studied.
By contrast, 47% of Nevada residents live in one of the most
populous cities, but the correlation rate in Nevada falls into a
J Med Internet Res 2022 | vol. 24 | iss. 8 | e38319 | p.1071
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lower tier than the correlation rates in Texas, New York, and
Arizona. Although we adjusted for mass shooting discussion
volume by removing tweets from the week after such an event,
the lower correlation observed in Nevada suggests that the
adjustment may have been insufficient for capturing the extent
of discussion volume distortion in the wake of the mass shooting
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event in Las Vegas, given the magnitude of the event. Analyzing
the data in more detail shows that discussion of this shooting
returns at anniversaries (1 year) and when other larger mass
shootings occur in other parts of the country, identifying a need
for a more extensive adjustment for historically large mass
shootings.

Figure 2. Correlation by state between change in firearm–fatality tweets and change in National Vital Statistics System–estimated firearm fatalities in
2017.

Comparison of Correlations
Furthermore, a comparison of correlations for each state in 2017
versus 2018 shows that states with the largest cities tend to have
the most stable correlations; for example, Texas, New York,
California, Florida, and Ohio; whereas states with fewer large
cities and fewer tweets tend to have higher variation in their
correlation estimates; for example, Missouri, Tennessee, South
Carolina, and Maryland. An additional factor that is likely to
affect the correlation rate is the location within the state of
firearm fatalities. To the extent that fatalities within a state are
more concentrated in the most populated cities, the correlation
between NVSS-estimated fatalities and Twitter discussion
volume is expected to be higher.
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Discussion
Principal Findings
Among the subset of states studied, we found weak-to-moderate
correlation between our measure of the level of firearm-fatality
tweets and the NVSS-based estimates of the level of firearm
fatalities and higher moderate correlation in measures of the
month-to-month changes in firearm-fatality tweets and estimated
fatalities. As our ontology for Twitter location mentions relies
on identification of the 250 most populous cities, our correlation
is higher in states in which more of the state’s population was
living in one of these cities. We further expected the correlation
to be higher in areas where firearm fatalities were concentrated
in the most populated cities and found suggestive evidence
regarding this point.
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A key limitation of this analysis is that we relied on tweets from
more populated cities to develop a state-level estimate of
discussion volume. Our approach reflected, dually, the limited
availability of firearm-fatality data at the city level and the
limited availability of location identifiers for tweets. An
important feature of this analysis was the need to identify the
location of the event being discussed versus the location of the
user. In the case of the latter, geocoding of the user profile is
advantageous and can provide a state-level identifier, but the
former relies only on location mentions within the tweet.
Even with these limitations, the correlation capturing fluctuation
in firearm mortality is moderate. We view this as a promising
signal for the potential of social media data to provide
meaningful information on gun-related outcomes in the future.
More specifically, our findings suggest that Twitter data may
hold particular value for tracking dynamics in gun-related
outcomes. In addition, for location-specific firearm-related
outcomes, the data are most valuable for understanding
dynamics in relatively populous cities that are identifiable
through location mentions in tweet content. Finally, the data
are likely to be particularly valuable for understanding firearm
outcomes not currently measured, not measured well, or not
measurable through other available means. A key advantage of
Twitter data is the continuous, automated, and near–real-time
monitoring they provide [13]. Once big data infrastructure has
been invested in, the data can be relatively easily processed.
The initial cost of big data infrastructure can be high if
researchers want to stream data for large periods of time.
However, for a single study, researchers who can access a server
should be able to conduct the analysis at a low cost. Because
of this potentially higher investment, we have developed a text
analytic portal that allows researchers to construct variables
from our social media data [43], thereby enabling future research
with these data without the cost of setting up big data
infrastructure.
We recognize the need for additional analyses to continue to
adapt and extend upon the approach developed and applied in
this research, including, for example, work that assesses the
reliability of associations over longer time periods. We also
note that, unlike survey data that are sampled to be
representative of the underlying population, social media data
emanate from those who use a particular platform. Although
the use of Twitter in the United States is significant (in 2021,
nearly a quarter of adults reported using Twitter, and among
those who reported using the platform, nearly half said that they
use it once a day or more) [44], it is nonetheless also true that
rates of social media use are correlated with age and to some
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extent with other demographic characteristics [44]. Much of the
existing analytic work with social media data does not directly
deal with this issue. In our approach, we adjusted our estimates
for the percentage of Twitter users in each state. Additional
statistical adjustments that more completely account for
engagement with the platform are important for future work.
Furthermore, social media data include limited
sociodemographic information about users. Additional
methodological strides toward developing robust methods for
demographic imputations represent an important dimension of
future efforts.

Usefulness of Social Media Data
The Centers for Disease Control and Prevention [45] describes
its public health approach to prevention of violence, including
firearm violence, as encompassing four steps: defining and
monitoring the problem, identifying risk and protective factors,
developing and testing prevention strategies, and assuring
widespread adoption [46]. For firearm violence, the first
step—building a foundation of information for describing the
epidemiology of such violence—requires focused resources and
development. In addition to recent developments in survey,
administrative, and other data, such as the important efforts by
news media and other organizations to track gun violence
incidents in significant detail and the advent of data scraping
from obituaries [37,47,48], social media data are a promising
future source. This research provides an important building
block for future work that continues to develop the usefulness
of social media data, alone or in conjunction with other data
resources, to strengthen the information base on which firearm
research relies, and, more generally, contributes to the process
of integrating emerging big data algorithms and traditional data
sources for behavioral understanding, decision support, and
evidence-based public policy.
As we build out the power of social media data for informing
public health problems such as firearm violence, several
important dimensions need to be kept in mind. The role that
social media may play in exacerbating gun violence or spreading
trauma related to gun violence cannot be ignored. However,
these data can also be used to help target and improve our
understanding of those who use guns and allow for new
approaches to gun violence–prevention interventions [49]. To
use these data to improve public health outcomes and our
understanding of human beliefs and behaviors, we must
spearhead establishing best practices for using social media data
in ethical ways [50-52], as well as understanding
representativeness, methodological limitations, and algorithmic
biases.
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Abstract
Background: Health care utilization after coronary artery bypass graft (CABG) surgery is high and is partly of an unplanned
nature. eHealth applications have been proposed to reduce care consumption, which involve and assist patients in their recovery.
In this way, health care expenses could be reduced and quality of care could be improved.
Objective: The aim of this study was to evaluate if an eHealth program can reduce unplanned health care utilization and improve
mental and physical health in the first 6 weeks after CABG surgery.
Methods: A single-blind randomized controlled trial was performed, in which patients scheduled for nonacute CABG surgery
were included from a single center in the Netherlands between February 2020 and October 2021. Participants in the intervention
group had, alongside standard care, access to an eHealth program consisting of online education videos and video consultations
developed in conjunction with the Dutch Heart Foundation. The control group received standard care. The primary outcome was
the volume and costs of a composite of unplanned health care utilization, including emergency department visits, outpatient clinic
visits, rehospitalization, patient-initiated telephone consultations, and visits to a general practitioner, measured using the Medical
Technology Assessment Medical Consumption Questionnaire. Patient-reported anxiety and recovery were also assessed.
Intention-to-treat and “users-only” analyses were used.
Results: During the study period, 280 patients were enrolled and randomly allocated at a 1:1 ratio to the intervention or control
group. The intention-to-treat analysis consisted of 136 and 135 patients in the intervention and control group, respectively. At 6
weeks, the primary endpoint had occurred in 43 of 136 (31.6%) patients in the intervention group and in 61 of 135 (45.2%)
patients in the control group (hazard ratio 0.56, 95% CI 0.34-0.92). Recovery was faster in the intervention group, whereas anxiety
was similar between study groups. “Users-only” analysis yielded similar results.
Conclusions: An eHealth strategy comprising educational videos and video consultations can reduce unplanned health care
utilization and can aid in faster patient-reported recovery in patients following CABG surgery.
Trial Registration: Netherlands Trial Registry NL8510; https://trialsearch.who.int/Trial2.aspx?TrialID=NL8510
International Registered Report Identifier (IRRID): RR2-10.1007/s12471-020-01508-9
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Introduction
Coronary artery bypass graft (CABG) surgery is one of the most
frequently performed cardiac surgeries in the world, which is
generally performed with good outcomes and relatively low
30-day mortality (~1.5%) [1]. In more recent years, the care
chain for patients undergoing CABG surgery has been
demonstrated to increase efficiency and reduce costs. As a result,
the duration of hospitalization has decreased substantially, with
patients discharged on the 7th postoperative day (mean). These
efficiency-driven early discharge protocols require more
self-management skills among patients. Early discharge reduces
the time physicians can spend with their patients in the direct
postoperative phase in spite of the well-known benefit of patient
counseling and guidance through recovery [2,3].
After discharge, patients commonly experience anxiety or
uncertainty about symptoms or appropriate physical exercise
[4]. These issues are typically addressed during hospitalization;
however, after discharge, patients’ recall of information is often
incomplete and they do not always know who to address with
questions [4]. The advantages of a shortened hospital stay might
therefore be counterbalanced by preventable unplanned health
care utilization, especially since planned care is not initiated
until several weeks after discharge. At present, nearly 1 in 7
patients are readmitted in the first 30 days after discharge for
noncardiac causes and roughly 15% of patients visit the
emergency department within 1 month after CABG surgery
[5-8]. It was estimated that potentially preventable readmissions
following CABG surgery cost Medicare US $151 million in
2005, placing a significant burden on society [7]. With the
expected increase in the number of future patients undergoing
CABG surgery, this is a pressing issue urging evaluation and a
potential redesign of postoperative follow-up.
eHealth is defined by the World Health Organization as “the
cost-effective and secure use of information and communication
technologies in support of health and health-related fields,”
which encompasses multiple digital interventions that can aid
in the delivery of patient-centered care and postoperative patient
guidance, thereby potentially reducing unplanned health care
utilization [9]. eHealth strategies have been successfully applied
in postoperative follow-up in various forms, which have been
shown to improve patient outcomes, speed recovery, and reduce
health care utilization in various surgical populations [10]. In
addition, eHealth has proven to be of value for patients to
enhance their self-management through better understanding
of their disease, increased independence, and improved
acceptance to adhere to lifestyle advice [3,11]. However,
experience with eHealth in patients following CABG surgery
is limited, and it remains unclear if eHealth strategies would be
effective in this population.
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The objective of this trial was to fill this knowledge and
experience gap. We hypothesized that restructuring the
postoperative period with an eHealth strategy will reduce
unplanned health care utilization through improved mental and
physical health and faster recovery.

Methods
Trial Design
The IMPROV-ED trial was a randomized controlled trial (RCT)
performed between February 2020 and December 2021 at
Catharina Hospital in the Netherlands. A detailed study protocol
was published prior to enrollment of the first study participant
[11]. No changes were made to the study protocol between
publication and initiation of the trial. The trial is reported using
the CONSORT (Consolidated Standards of Reporting Trials)
checklist for RCTs [12].

Ethics Considerations
The study was approved by the medical ethics committee
(R19.100) and was registered in the Netherlands Trial Registry
(NL8510). Written informed consent was obtained from all
patients who met the inclusion criteria and were willing to
participate.

Participants
To minimize selection bias, all patients on the waiting list for
isolated CABG surgery over 18 years of age were contacted by
telephone and informed about the study by one of the
investigators. Patients were eligible for participation if they had
access to a computer/tablet/smartphone with internet connection
and a webcam/built-in camera; had sufficient knowledge of the
use of internet and email (assistance was allowed); and were
able to speak, read, and interpret the Dutch language. The
eHealth strategy would not be applicable to patients who did
not comply with these inclusion criteria and they were therefore
not eligible for participation. At inclusion, patients were
randomized 1:1 to the intervention or control group using a
block size of 4. A certified program was used for sequence
generation and randomization (Research Manager). When a
patient was randomized but no longer qualified for the inclusion
criteria or was lost to follow-up, the patient was excluded from
further follow-up and analysis.

Interventions
Patients randomized to the control group received standard
postoperative care, comprising planned outpatient follow-up
by their cardiothoracic surgeon at 6-8 weeks after discharge and
a cardiac rehabilitation program supervised by cardiologists
with outpatient follow-up starting between 4 and 8 weeks after
surgery. As a result of the COVID-19 health crisis and the
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measures taken by the government, most of these contacts were
telephone consultations (TCs) rather than physical consultations.
Patients randomized to the intervention group had access to the
eHealth strategy in addition to standard care. The eHealth
strategy comprised web-based educational videos developed
by the Dutch Heart Foundation and two postoperative video
consultations (VCs) with a physician from the department of
cardiothoracic surgery at 1 and 3 weeks after discharge.
Upon randomization, patients in the intervention group received
access to the educational videos via a link sent by email. The
same link was sent via email again at discharge. By clicking
the link, patients were referred to a hidden (for nonparticipants
and the control group) part of the website from the Dutch Heart
Foundation that contained the educational videos. The content
of the educational videos was constructed and validated by
physicians and patient representatives prior to the trial. Based
on these evaluations and a scoping review of the literature on
delivery of information to patients with varying degrees of
health literacy, the full content was delivered to patients at
inclusion instead of by fragmentized access to videos applicable
to the patient’s situation [13]. Nevertheless, to prevent cognitive
overload in patients with low health literacy, educational videos
were categorized in three categories: treatment (10 videos with
information on the surgery and how to prepare for admission),
recovery (6 videos about what to expect in the postoperative
course and when to contact a physician), and healthy living (2
videos on cardiovascular risk management, including smoking
cessation, weight reduction, cholesterol management, and
exercise). The videos were delivered in spoken text supported
by animations for optimal health communication to patients
with low and adequate health literacy [13]. Usage data were
extracted from the web log for evaluation purposes. Educational
videos were available to patients in the intervention group
throughout the trial (ie, not only when the link was sent). See
the published study protocol for an illustrative overview of the
educational videos [11].
VCs were conducted by a nurse practitioner or junior doctor
using Microsoft Teams. The dates for VCs were sent to patients
by email at discharge. On the day of the VC, patients received
an email with a link providing access to the VC. The VC was
not scheduled on the same day as routine outpatient follow-up.
During the VCs, patients were questioned about their recovery
and physical and mental complaints. The sternotomy wound
was visually inspected. Patients who required physical
examination or diagnostic tests based on the VC were instructed
to visit the general practitioner or emergency department, or
were scheduled for early outpatient follow-up (within 1 week)
at discretion of the physician. The nurse practitioner/junior
doctor who conducted the VCs was blinded to the study’s
objectives and outcomes. Study participants were not blinded.
If a VC was unexpectedly not possible (eg, due to unforeseen
connection errors, problems with hardware, technical issues),
the VC was replaced by a TC. Reasons for replaced VC were
reported.

Outcomes
The primary outcomes of the IMPROV-ED trial were the
volume and costs of unplanned health care utilization defined
https://www.jmir.org/2022/8/e37728
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by a composite of all emergency department visits, outpatient
clinic visits, rehospitalization, patient-initiated TCs, and visits
to a general practitioner, as measured by the Institute for Medical
Technology Assessment Medical Consumption Questionnaire
(iMCQ) at the 6-week follow-up [14]. Cross-validation with
the patients’ reported health care utilization was performed by
contacting their health care providers. The secondary outcomes
were the individual unplanned health care activities, and a
composite of planned and unplanned in-hospital care (emergency
department visits, outpatient clinic visits, rehospitalization, and
patient-initiated TCs) and planned and unplanned primary care
(consultations with a general practitioner, allied health
professionals, psychologists) at 6 weeks. The other secondary
outcomes were the patients’ self-reported physical and mental
health, as measured with the Hospital Anxiety and Depression
Scale (HADS) and Recovery Index-10 (RI-10) questionnaires
[15,16].

Data Collection
All patients received questionnaires at inclusion (anxiety
subscale of the HADS), at discharge (HADS and RI-10), 1 week
after discharge (HADS and RI-10), 2 weeks after discharge
(HADS and RI-10), and 6 weeks after discharge (HADS, RI-10,
and iMCQ). Only the anxiety subscale from the HADS was
used. A higher score indicated more symptoms of anxiety
(HADS maximum score 21) or favorable progress of recovery
(RI-10 maximum score 50). The iMCQ resulted in absolute
frequencies of visits for the questioned care activities. Patients
in the intervention group also received a self-made questionnaire
to evaluate the eHealth strategy and to question them about the
use of the education videos (see Figures S1 and S2 in
Multimedia Appendix 1). If patients had not returned the iMCQ
by 8 weeks postdischarge, the questionnaire was conducted over
the telephone. If patients had not returned 2 subsequent
questionnaires, a research nurse called patients with a reminder.
Questionnaires that were not returned or collected otherwise
were considered missing.

Statistical Analysis
We calculated the sample size needed for the study based on
the expected effect of the intervention on the primary outcome.
Previous studies using a comparable eHealth strategy in CABG
patients with health care utilization measured with the iMCQ
were not available. In a study with abdominal surgery patients,
total health care utilization was estimated at a mean of 0.88 (SD
0.15) per patient [17]. In a systematic review by van der Meij
et al [10], the effect of an eHealth strategy in surgical patients
was not consistent. Therefore, a small to medium effect (d=0.35)
was expected from our intervention. Combined with an α of
.05 and a power of 0.80, a total sample size of 260 patients was
required. We aimed for 280 participants to account for loss to
follow-up and nonadherence to the intervention and return of
questionnaires (attrition rate 5%, rounded up to a whole
number). Demographic data of randomized patients were
collected using definitions in line with the Netherlands Heart
Registration [18]. Education was grouped into three levels (low,
medium, and high) according to the general definition by
Statistics Netherlands (see Multimedia Appendix 1 for the full
definition).
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The main analysis was performed according to the
intention-to-treat (ITT) principle. Because patients in the
intervention group were not obliged to use the educational
videos and VCs might not be possible due to technical errors,
per-protocol analysis was also performed, which included only
patients who used the intervention strategy as intended (defined
as having at least one VC or TC and accessed the educational
videos at least once).
Planned subgroup analyses of the primary outcome were
performed according to age (<65 years vs ≥65 years), sex, recent
myocardial infarction, left ventricular function, diabetes, type
of CABG (on-pump vs off-pump), log EuroScore, and highest
level of education.
Continuous variables and outcomes are expressed as mean (SD)
in cases of a normal distribution and as median (IQR) in cases
of a nonnormal distribution. The Kolmogorov-Smirnov test and
Q-Q plots were used to test for normality of the data distribution.
Categorical data are summarized as absolute and relative
frequencies. The updated Dutch Manual for Cost Analysis in
Health Care Research was used as the source for cost prices per
health care activity if available [19]. Other tariffs were
calculated using top-down microcosting as described by Tan
and Hakkaart-van Roijen et al [20, 21] (see Multimedia
Appendix 1 for details). Each consumed health care activity
was multiplied by the cost price and total costs were calculated
by summing these multiplications. The HADS and RI-10
questionnaire scores at each interval were compared between
study groups. P<.05 was considered significant. Primary and
secondary outcomes are presented with effect-size estimates
and 95% CIs using the Cox proportional hazards model. The
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proportional hazard assumption was assessed by log (–log)
plots. Analyses were performed using SPSS 25 and RStudio.

Results
Study Population
In total, 280 patients were included in the study between
February 2020 and December 2021, and subsequently
randomized yielding 140 patients in each study group. One
patient in the intervention group and two patients in the control
group were excluded after randomization because they
underwent percutaneous coronary intervention instead of CABG
surgery. In the intervention group, three patients were lost to
follow-up (1 withdrew consent, 1 had an early readmission due
to a complication, and 1 died). In the control group, three
patients were lost to follow-up (1 withdrew consent and 2 died).
The ITT analysis therefore consisted of 136 and 135 patients
in the intervention and control group, respectively. Weblog and
planning data revealed that 8 patients did not use the intervention
as intended, whereby 128 patients were included in the
intervention group in the per-protocol analysis (Figure 1).
Baseline characteristics of patients were similar in the two
groups (Table 1), with a median age of 67.9 and 69.6 years for
the intervention and control group, respectively. The majority
of patients were male in both groups. At the time of surgery,
25% of patients had an urgent indication and the remainder
underwent surgery in the elective setting. In the majority of
patients, on-pump CABG was performed using 3 distal
anastomoses. The left or right internal mammary artery was
used in >98% of patients. Duration of admission was also similar
in the two groups (Table 1).
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Figure 1. Enrollment overview. CABG: coronary artery bypass graft; PCI: percutaneous coronary intervention.
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Table 1. Baseline characteristics and procedural data (intention-to-treat analysis).
Characteristics

eHealth group (n=136)

Standard care (n=135)

Age (years), median (IQR)

67.9 (61.5-73.3)

69.6 (65.2-74.1)

Male, n (%)

121 (89.6)

113 (83.1)

BMI, median (IQR)

27.7 (25.1-30.6)

27.2 (25.2-30.3)

Diabetes mellitus

45 (33.3)

33 (24.3)

Chronic pulmonary disease

7 (5.2)

15 (11.0)

Atrial fibrillation

9 (6.7)

6 (4.4)

Multivessel disease

117 (86.7)

121 (89.0)

Peripheral vascular disease

17 (12.5)

17 (12.6)

Renal impairment (MDRDa<60 mL/min/1.73 m2)

10 (7.4)

1 (8.1)

Previous stroke

3 (2.2)

5 (3.7)

Recent MIb (90 days)

45 (33.3)

46 (33.8)

Previous PCIc

36 (26.5)

31 (22.9)

Left ventricular ejection fraction, median (IQR)

55 (50-55)

55 (50-55)

Ejection fraction≤30%, n (%)

0 (0)

3 (2.2)

NYHAd class>II, n (%)

3 (2.2)

7 (5.2)

SF-36e physical score, median (IQR)

51 (43-56)

48 (40-51)

SF-36 mental score, median (IQR)

58 (55-63)

59 (55-64)

HADSf, median (IQR)

3 (1-7)

3 (1-6)

Low

36 (26.5)

42 (31.1)

Intermediate

53 (39.0)

55 (40.7)

High

47 (34.6)

38 (28.1)

EuroSCORE log, median (IQR)

2.40 (1.82-4.06)

2.87 (2.01-4.28)

EuroSCORE II, median (IQR)

1.41 (1.05-2.04)

1.32 (0.78-2.43)

Use of ECCg, n (%)

110 (81.5)

101 (74.8)

ECC duration in users (min), median (IQR)

74 (60-91)

76 (64-91)

Number of distal anastomoses, median (IQR)

3 (2-4)

3 (2-4)

Hospital stay (days), median (IQR)

6 (5-7)

6 (5-7)

Medical history, n (%)

Current health status

Level of education, n (%)

Procedural data

a

MDRD: Modification of Diet in Renal Disease.

b

MI: myocardial infarction.

c

PCI: percutaneous coronary intervention.

d

NYHA: New York Heart Association.

e

SF-36: Short Item-36.

f

HADS: Hospital Anxiety and Depression Scale.

g

ECC: extracorporeal circulation.

Outcomes
At 6 weeks, care was consumed by less patients in the
intervention group than in the control group (Table 2). The
benefit of the eHealth strategy was most noticeable in patients
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over 65 years of age, those of male sex, those with recent
myocardial infarction, or with a EuroScore>2 (see Figure S3 in
Multimedia Appendix 1). Reduction in individual care activities
was significantly different between groups for TCs and was
borderline significant for general practitioner visits (Table 2).
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Costs related to the primary outcome were significantly higher
in the standard care group compared with those in the eHealth
group (P<.001, Table 2), which was attributed to the higher
volume of care consumption in the control group (see Table S1
in Multimedia Appendix 1).
A composite of unplanned in-hospital care, a composite of
planned and unplanned in-hospital care after discharge, and use
of planned and unplanned primary care were all higher in the
control group than the intervention group (Table 2). The volume
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of consumed care was also higher in the control group (Table
S1 of Multimedia Appendix 1).
The RI-10 score, indicating patient-reported recovery, was
significantly higher in the intervention group in the 3rd and 6th
weeks after discharge (Figure 2). Anxiety was not significantly
different between study groups (Figure 2). Per-protocol analysis
revealed similar findings (see Tables S2 and S3 in Multimedia
Appendix 1).

Table 2. Outcomes at 6 weeks.
Outcomes

eHealth group (n=136)

Standard care
(n=135)

Hazard ratio (95% CI)

P value

Composite outcomea, n (%)

43 (31.6)

61 (45.2)

0.56 (0.34-0.92)

.02

Cost (Eurob), Median (IQR)

0 (0-95)

66 (0-215)

N/Ac

<.001

Cost (Euro), mean (SD)

183 (515)

285 (777)

N/A

<.001

Composite unplanned in-hospital care

36 (26.5)

53 (39.3)

0.56 (0.33-0.93)

.03

Emergency department visits

14 (10.3)

23 (17.0)

0.56 (0.27-1.14)

.11

Readmissions

7 (5.1)

9 (6.7)

0.76 (0.28-2.10)

.59

Outpatient clinic visits

11 (8.1)

10 (7.4)

1.10 (0.45-2.68)

.83

Telephone consultations

29 (21.3)

47 (34.8)

0.51 (0.29-0.87)

.01

28 (20.6)

41 (30.4)

0.59 (0.34-1.04)

.07

69 (50.7)

97 (71.9)

0.40 (0.24-0.67)

<.001

82 (60.3)

101 (74.8)

0.58 (0.36-0.97)

.04

Primary outcomes

Secondary outcomes, n (%)

General practitioner visits (unplanned)
Composite of all in-hospital care
Composite of all primary caree

d

a

Composite of unplanned health care utilization (ie, emergency department visits, readmissions, outpatient clinic visits, telephone consultations, or
general practitioner visits).
b

1 Euro=US $1.13.

c

N/A: not applicable.

d

Composite of in-hospital care comprising planned and unplanned emergency department visits, readmissions, outpatient clinic visits, and telephone
consultations.
e

Composite of primary care comprising planned and unplanned visits to the general practitioner, visits to allied health professionals (physical therapists,
dieticians, speech therapists, exercise therapy, social workers), and psychologist visits.
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Figure 2. Anxiety level measured with the Hospital Anxiety and Depression Scale (HADS) anxiety subscale (A) and progress of recovery measured
using the recovery index-10 (RI-10) questionnaire (B).

Process Evaluation
Among patients who were provided access to the educational
videos, 95% accessed the videos at least once. A total of 248
of the 272 planned VCs were conducted. Eight patients did not
use the intervention as intended and did not receive VCs (n=16
VCs). The other VCs that did not take place were substituted
with a TC due to technical errors (n=8). The median duration
of VCs was 10 minutes (IQR 8-11) for the first VC and was 8
minutes (IQR 7-9) for the second VC. Patients reported positive
attitudes toward the education videos and the VC (Figures S1
and S2 in Multimedia Appendix 1). Most notably, patients
reported a fairly positive attitude toward substitution of a
face-to-face contact with a VC, but patients also reported that
https://www.jmir.org/2022/8/e37728
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the VC with a physician (not the surgeon) or nurse practitioner
should not substitute the consultation with the surgeon.

Discussion
Principal Findings
The principal finding of the IMPROV-ED trial is that an eHealth
strategy comprising educational videos and VCs results in a
reduction of unplanned care and costs. In addition, the eHealth
strategy is associated with faster patient-reported recovery.
These findings are of medical and societal importance given
the increasing interest in digital health and the need for
value-based alongside evidence-based care. Our study is the
first to provide robust evidence that an eHealth intervention can
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aid in reduction of health care utilization and associated costs.
This effect appears applicable to both in-hospital care as well
as primary care. One of the most pressing concerns from health
care insurance companies and decision-makers toward eHealth
is the great investment that is required for development of
content and the necessary infrastructure and issues that arise
after implementation due to lack of reimbursement options [22].
Our findings refute these concerns by showing positive effects
on costs. Furthermore, the eHealth strategy did not only
contribute to less patients consuming care (Table 2) but also
reduced the care consumed per patient (Table S1 of Multimedia
Appendix 1), which underlines the high potential of eHealth
strategies for this patient population to also positively influence
the burden on health care personnel. With an aging population,
a vast increase in health care consumption is expected in the
near future. Based on the results of our study, an eHealth
program is proven to aid in the sustainment of health care
systems.
The findings of our study shine new light on previous studies
comparing an eHealth program with standard care because it is
the first study to use health care utilization as a primary outcome
[10]. Very limited studies are available that use health care
utilization as an outcome, and those that have considered care
consumption as a secondary or tertiary outcome. Previous
studies were also not adequately powered to draw reliable
conclusions on the use of eHealth in reduction of care
consumption and, consequently, these studies reported mixed
outcomes. For example, Keeping-Burke et al [23] incorporated
health care use as a tertiary outcome in an RCT of patients after
CABG surgery using postoperative VCs, and concluded that
patients in the telehealth group had fewer physician contacts.
Zahlmann et al [24] used telecommunication in the postoperative
period after cataract surgery (n=62) and also concluded that
care in the intervention group was lower than that in the control
group. Conversely, Barnason et al [25,26] conducted two RCTs
in 232 and 50 CABG patients, respectively, using a supportive
telehealth program and concluded that both groups had similar
health care use at 6-month follow-up. Barnason et al [25] and
Keeping-Burke et al [23] both reported no differences in
emergency department visits and readmissions between study
groups. Readmission was also similar in a study by Gandsas et
al [27] after laparoscopic gastric bypass using robotic
telerounding during admission.
Another major strength of the current eHealth program is that
it provides patients of various degrees of socioeconomic status
and health literacy with information on the procedure and their
medical condition from a reliable source that is endorsed by
their surgeon. The Dutch Heart Foundation is a respected
organization that is dedicated to providing information on
cardiovascular health, advocating patient interests, and
conducting research [28]. The educational videos are developed
in conjunction with patient representatives and physicians. In
the VCs, additional questions are answered and uncertainties
are addressed. The impact of educational videos and VCs is
presumably in improvement of self-management skills and
reduction of fear and anxiety. Recall of information on
information provided preoperatively or at discharge is often
incomplete, and patients might not know what physical activity
https://www.jmir.org/2022/8/e37728
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is allowed after discharge or who to contact in case of
complaints. Patients can turn to the internet for information;
however, this information is uncontrolled, sometimes inaccurate,
and is not tailored to the care processes of their provider.
Because planned care is not initiated until 6 weeks after surgery
(and sometimes later in practice), conflicting advice can induce
insecurity, which will lead to use of care and will hamper
recovery. The results of our study are consistent with this
hypothesis. Nevertheless, the anxiety symptoms measured with
the HADS questionnaire relate to anxiety in a narrow sense,
whereas the anxiety experienced by patients after CABG surgery
is likely to be more subtle in nature, which may have contributed
to the nonsignificant difference in measured anxiety found in
this study.
However, health care utilization is the resultant of a
multifactorial behavioral model that attributes a combination
of predisposing factors (eg, patient characteristics such as age,
sex, sociodemographic parameters, or health literacy and attitude
toward health), enabling factors (eg, income, health insurance
status, health care organization), and need factors (eg, experience
with health care) to health care utilization [29]. The eHealth
strategy used in the IMPROV-ED trial has a positive influence
on some of these attributes but not all. Interestingly, subgroup
analysis showed that the eHealth program had a greater benefit
in more vulnerable patients (EuroScore≥2) and revealed a trend
toward more benefit in patients with a low level of education.
By contrast, a small group of patients who provided informed
consent did not use the educational videos or VCs that were
part of the eHealth strategy. These patients reported to have
received sufficient information from their physician, nurse, or
paramedic during admission, or that they found the relevant
information online themselves. It might therefore be reasonable
to consider adding different modes of digital health delivery to
the currently used eHealth strategy (eg, mobile apps, live chat,
home monitoring, telerehabilitation) to manage more attributes
of health utilization and to offer a more individualized approach
tailored to the patients’ needs. Combining different modes of
digital care might thereby further reduce health care utilization
and potentially also improve clinical outcomes [22].

Learning Points and Limitations
Even though the IMPROV-ED study yielded positive results
toward the primary outcome (Table 2) and patients were
generally positive about the eHealth strategy (Figures S2 and
S3 in Multimedia Appendix 1), several learning points and
limitations should be taken into account for future eHealth
programs.
First, the IMPROVE-ED trial is designed for patients who
consume care as a result of insecurity, anxiety, lack of medical
knowledge, and/or inadequate discharge counseling. As can be
concluded from Figure 1, a relevant number of patients who
were invited to participate in the trial did not provide informed
consent due to the general burden of having to undergo cardiac
surgery (patients used terms such as “stressful,” “anxiety,” and
“insecurity”) in conjunction with study obligations. The effect
of the eHealth strategy may be underestimated because this
group of patients might have been part of the target population
in which the eHealth strategy would have incremental value.
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Due to ethical constraints (patients did not provide informed
consent for participation and thus for data collection), these
patients were not further analyzed for the study outcomes.
In this study, standard care was not replaced by digital
alternatives, and yet the costs of the intervention group were
still lower than those of the control group receiving only
standard care. Because VCs were used as an add-on to standard
care, there are potentially more opportunities to reduce costs
further. The fact that eHealth is being implemented on top of
current health care services is, in addition to cost concerns, one
of the challenges identified by the European Society of
Cardiology as hampering the introduction of eHealth into
everyday clinical practice [22]. Future endeavors should focus
on investigating the potential of substitution of standard physical
care with digital alternatives, especially since the patients’
attitude was generally positive toward the (hypothetical)
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substitution of a physical contact with a VC in this study (Figure
S1 of Multimedia Appendix 1). Previous studies also stated that
it is feasible to obtain the same effective communication and
interaction with VCs as with face-to-face care [30].
The majority of patients included in the IMPROV-ED trial were
included during the COVID-19 pandemic. The results of the
study might therefore be an underrepresentation of care
consumption because patients feared transmission in the hospital
setting [31]. Nevertheless, the randomized design balances this
influence between the study groups.

Conclusion
An eHealth strategy comprising educational videos and VCs
can reduce unplanned in-hospital and primary health care
utilization and costs, and can aid in faster patient-reported
recovery following CABG surgery.
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Abstract
Background: The ever-growing amount of health information available on the web is increasing the demand for tools providing
personalized and actionable health information. Such tools include symptom checkers that provide users with a potential diagnosis
after responding to a set of probes about their symptoms. Although the potential for their utility is great, little is known about
such tools’ actual use and effects.
Objective: We aimed to understand who uses a web-based artificial intelligence–powered symptom checker and its purposes,
how they evaluate the experience of the web-based interview and quality of the information, what they intend to do with the
recommendation, and predictors of future use.
Methods: Cross-sectional survey of web-based health information seekers following the completion of a symptom checker visit
(N=2437). Measures of comprehensibility, confidence, usefulness, health-related anxiety, empowerment, and intention to use in
the future were assessed. ANOVAs and the Wilcoxon rank sum test examined mean outcome differences in racial, ethnic, and
sex groups. The relationship between perceptions of the symptom checker and intention to follow recommended actions was
assessed using multilevel logistic regression.
Results: Buoy users were well-educated (1384/1704, 81.22% college or higher), primarily White (1227/1693, 72.47%), and
female (2069/2437, 84.89%). Most had insurance (1449/1630, 88.89%), a regular health care provider (1307/1709, 76.48%), and
reported good health (1000/1703, 58.72%). Three types of symptoms—pain (855/2437, 35.08%), gynecological issues (293/2437,
12.02%), and masses or lumps (204/2437, 8.37%)—accounted for almost half (1352/2437, 55.48%) of site visits. Buoy’s top
three primary recommendations split across less-serious triage categories: primary care physician in 2 weeks (754/2141, 35.22%),
self-treatment (452/2141, 21.11%), and primary care in 1 to 2 days (373/2141, 17.42%). Common diagnoses were musculoskeletal
(303/2437, 12.43%), gynecological (304/2437, 12.47%) and skin conditions (297/2437, 12.19%), and infectious diseases (300/2437,
12.31%). Users generally reported high confidence in Buoy, found it useful and easy to understand, and said that Buoy made
them feel less anxious and more empowered to seek medical help. Users for whom Buoy recommended “Waiting/Watching” or
“Self-Treatment” had strongest intentions to comply, whereas those advised to seek primary care had weaker intentions. Compared
with White users, Latino and Black users had significantly more confidence in Buoy (P<.05), and the former also found it
significantly more useful (P<.05). Latino (odds ratio 1.96, 95% CI 1.22-3.25) and Black (odds ratio 2.37, 95% CI 1.57-3.66)
users also had stronger intentions to discuss recommendations with a provider than White users.
Conclusions: Results demonstrate the potential utility of a web-based health information tool to empower people to seek care
and reduce health-related anxiety. However, despite encouraging results suggesting the tool may fulfill unmet health information
needs among women and Black and Latino adults, analyses of the user base illustrate persistent second-level digital divide effects.
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Introduction

the right kind of help, and potentially reduce anxiety caused by
the symptoms they are experiencing.

Background

Users must be able to trust and follow their recommendations
for web-based symptom checkers to make meaningful
contributions. If web-based symptom checkers are not trusted,
they are less likely to be adopted by users, thereby limiting their
potential [9]. Moreover, users may be unclear about the
technology behind web-based symptom checkers. Research
suggests that web-based symptom checkers’ artificial
intelligence (AI) systems are neither transparent nor
comprehensible to users, which may undermine trust in such
tools [10]. Nevertheless, despite hesitancy and concerns
regarding the accuracy, AI-powered symptom checkers have
been perceived as useful for diagnosis by users [11].

The ever-growing amount of health information available on
the web is increasing the demand for tools that provide
personalized and actionable health information. In addition,
patients avidly seek information to inform their own health care
decisions, either directly or by verifying information discussed
during professional consultations. The broad scope of web-based
health information includes generic information obtained
through web-based searches and decision aids and tools that
deliver personalized advice based on information specific to
users. Such tools include symptom checkers that provide users
with a potential diagnosis after responding to a set of probes
about their symptoms.
Web-based symptom checkers are becoming increasingly
popular, and the emergence of the COVID-19 pandemic has
increased interest in these tools [1]. However, only a few studies
have examined how and why they are used [2-4]. The limited
research on symptom checkers has found generally positive
effects of their use; technologically sophisticated web-based
triage systems may help reduce unnecessary visits to emergency
rooms and overuse of antibiotics [4], make health care accessible
in low-resource settings [5], and increase patient engagement
[6]. However, although the potential for their utility is great,
more research is needed on the actual use and effects of such
tools.
Some studies have raised concerns about the potential of
web-based health information systems to spread disinformation
and inaccurate diagnostic information [2,7,8]. For example, a
study evaluating the diagnostic and triage accuracy of 23
web-based symptom checkers found that physicians performed
better than the symptom checker algorithms [4]. However,
physicians made incorrect diagnoses in 15% of the cases.
Although research suggests that symptom checkers may be less
effective than physicians in terms of diagnostic accuracy, it
might be more critical that symptom checkers provide
recommended actions (eg, whether symptoms warrant a trip to
the hospital). Therefore, it is important to understand the impact
of symptom checkers on how patients seek care and respond to
health care advice.
A significant potential contribution of web-based symptom
checkers as triage systems may be to reduce the negative effects
of the current overwhelming health information environment,
such as the health information overload experienced by
web-based health information seekers and their struggle to
discern reliable information from misinformation. A web-based
medical information system that addresses the abovementioned
problems can help people better understand the potential causes
of the symptoms they are experiencing, empower them to seek
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A large body of research on information seeking grounded in
the uses and gratification frameworks [12] has examined how
people use different media to fulfill or gratify various needs.
Research in this tradition has characterized health
information–seeking behaviors by sources (ie, web-based vs
offline seeking [13,14]) or objective (ie, seeking for themselves
vs others [15-17]). Multiple studies have confirmed that active
information seekers from nonclinical sources, including the
internet, are more likely to be White, female, and have relatively
high levels of education and income [18-22]. Racial differences
in health information–seeking, as well as confidence in
information and trust in various sources, have been well
documented. There may be different levels of trust and use of
sources by racial groups, which can lead to disparities if
inaccurate sources are used [23].
Research based on self-reported media use has established that
deliberate information seeking from media, including the
internet, has been associated with better health outcomes [24],
increased engagement in prevention behaviors [25], and more
positive patient-clinician interactions [26-28] and has also
assisted individuals in coping with uncertainty [20]. Web-based
health information–seeking before presenting to an emergency
physician also has the potential to improve patient-provider
interaction without negatively affecting adherence to treatment
[29].
Despite this extensive body of research on information seeking
and the importance of the internet and other “new” media as
sources of medical information, the quality of the evidence for
the effects has been limited. Most previous studies examining
information seeking from nonclinical sources, including nearly
all internet-based health information–seeking studies, are limited
by their reliance on self-reports of individuals’
information-seeking behaviors and behavioral or psychosocial
outcomes. Furthermore, most studies rely on generalized,
non–time-bound health information–seeking behaviors (ie,
“Have you ever looked for information about [a topic] from [a
J Med Internet Res 2022 | vol. 24 | iss. 8 | e36322 | p.1090
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source]”), or ask about information seeking within a specific
timeframe, but do not examine the content of the information
retrieved or the recommendation provided. Thus, the next
frontier in this line of research is one that links objective
measures of information seeking—both sources and
content—with clinical and psychosocial outcomes to understand
how people use the information they seek and find from
nontraditional sources.

Objectives
This study aimed to address the methodological limitations of
prior information-seeking research and examine who seeks
information from an intelligent web-based symptom checker
and for what purpose, how users experience the tool, what they
intend to do with the information, and predictors of intentions
to follow the tool recommendations. The following research
questions (RQs) guided this study:
1.
2.
3.
4.
5.

RQ1: Who uses a web-based symptom checker?
RQ2: What drives users to use a web-based symptom
checker?
RQ3: What were the web-based symptom checker’s
recommendations?
RQ4: How do users perceive the web-based symptom
checker?
RQ5: What is the relationship between perceptions of a
web-based symptom checker and intention to follow
recommended actions?

Methods
We conducted a cross-sectional survey of web-based health
information seekers immediately following the completion of
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a visit to a web-based intelligent symptom checker, Buoy Health
(Buoy Health, Inc [30]; N=2437).

Buoy Health: an AI-Powered Web-Based Symptom
Checker
This cross-sectional study used data from patient encounters
using Buoy Health, an AI-powered web-based symptom checker,
between January 14, 2019, and February 28, 2019. Founded in
2014 by a team of physicians and researchers, the tool is based
on conversational medical interviewing, mirroring a
conversation with a provider. At the time of writing, Buoy’s
symptom checker remains accessible for free on the web or
through an app to any internet-connected person. The
AI-powered tool uses a progressive series of health questions
communicated via a chatbot to assess user symptoms (Figure
1). Buoy’s triage or diagnostic system by design offers health
information customized for the user.
Buoy’s proprietary algorithm sources data from >18,000 clinical
research studies [31]. Users receive 3 possible diagnoses and
recommendations for appropriate levels of care (Figure 2).
According to Buoy, the tool’s diagnostic accuracy is 90% [32].
Thus, tools such as Buoy—and other intelligent symptom
checkers—have the potential to cut through the clutter of too
much and contradictory information to provide personalized,
science-based recommendations. A study examining how
patients’ use of Buoy affected their plans for seeking care found
that Buoy decreased uncertainty among users [33]. Buoy also
lowered the level of urgency in patients associated with their
condition. This study suggests tools such as Buoy are associated
with users’ intended behavior when seeking care based on triage
questions. Accordingly, our study adds to the growing literature
that seeks to understand how patients use tools such as Buoy
together with their providers to manage their health.
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Figure 1. Screenshot of the patient-facing, artificial intelligence–assisted Buoy Health symptom checker.

https://www.jmir.org/2022/8/e36322

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e36322 | p.1092
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Arellano Carmona et al

Figure 2. Screenshot of a Buoy Health symptom checker recommendation.

Sampling and Procedure
A recruitment script was shown to Buoy users, assumed to be
web-based health information seekers, who met the inclusion
criteria via a pop-up window immediately following their Buoy
session. Inclusion criteria included completion of the Buoy
interview to the recommendation stage in ≤10 minutes, being
aged ≥18 years, and residency in the United States (although
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not necessarily physically in the United States at the time of
seeking).
In addition, potential participants must have completed the Buoy
interview for themselves; that is, they were seeking information
about their symptoms. As 95% of Buoy users complete the
diagnostic interview within 10 minutes, users who took longer
were not representative of the typical user and thus were not
invited to participate in our study to avoid other unanticipated
ways in which they might differ from the typical user. Using
J Med Internet Res 2022 | vol. 24 | iss. 8 | e36322 | p.1093
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similar logic, we excluded people who had a pre-existing serious
or chronic condition [34] as they may not be representative of
the typical Buoy user either. It is expected that their health
information–seeking habits and use patterns of Buoy would be
different from all other Buoy users. Finally, for ethical reasons,
we excluded users who Buoy advised to seek immediate medical
care from eligibility, including immediate medical care via 911
or in the emergency department. Figure 3 shows attrition at each
stage.

Arellano Carmona et al
Participants received a US $5 electronic gift card in appreciation
of their time following completion of the survey, which had a
mean time to completion of 8.61 (SD 6.78) minutes. The gift
cards were delivered to an email address that was also used for
follow-up. Participants were informed that they would receive
another incentive (US $10) following the completion of a second
survey. A follow-up assessment was administered 2 weeks after
the initial survey to those who chose to provide an email address;
however, this study reports only the baseline data.

Figure 3. Flow diagram showing attrition of participants.

Constructs and Measures

results were interpreted by 2 coders to map to original
close-ended or new codes (access, anxiety, curiosity, and triage).

Overview

Trust in Health Information Sources

This study followed the tradition of uses and gratifications
research [12]. We sought to understand who uses Buoy,
perceptions of the user experience, and what they intend to do
with the information they obtain. The survey was guided by the
integrative model of behavior change [35]. The key constructs
and measures are described in the following sections, and the
complete survey instrument is available upon request from the
corresponding author.

Trust in a variety of health information sources was assessed
using a single Likert item, with responses ranging from “Not
at all” (1) to “A lot” (4), adapted from the National Cancer
Institute’s Health Information National Trends Survey [36].
The question stem was “In general, how much would you trust
information about health or medical topics from each of the
following?” The list of sources was randomized:
physician/family
or
friends/newspapers
or
magazines/radio/internet news/television/government health
agencies/social
media
(such
as
Facebook
or
Twitter)/Google/blogs/Buoy.

Reasons for Using Buoy
Patients could select ≥1 of 5 reasons for using Buoy; the list
was based on the review of internet use for appraisal of
symptoms of physical illness by Mueller et al [3]. Options
included not being confident that the health care provider
provided the correct diagnosis, symptoms not serious, sensitive
or embarrassing symptoms, new symptoms, and persistent
symptoms. An open-ended response was also provided, and the
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Prior research has demonstrated that the usability of the health
information website affects trust in and credibility of the health
information found on the site [37]. Thus, we assessed
confidence, comprehensibility, perceived utility, and the
emotional effects of using Buoy.
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Confidence in Smart Symptom Checkers
A total of 2 items with 5-point response values from “Not at all
confident” to “Very Confident” were adapted from Sivakumar
et al [38] and combined as a scale where higher values
represented greater confidence.

Comprehensibility of Smart Symptom Checkers
We assessed the extent to which the language on the website
was easy to understand and the website was understandable and
easy to read using 3 response values of 5 points (strongly
disagree to strongly agree). Items were based on a scale by van
Weert et al [39], with higher values representing greater
comprehensibility of Buoy.

Perceived Utility of Smart Symptom Checkers
A total of 3 items with 5-point response values (strongly
disagree to strongly agree) and combined as a scale by Davis
[40] were used to assess the extent to which the website made
the diagnosis of symptoms quicker and easier and the website’s
overall usefulness.

Emotional Effects of Using Smart Symptom Checkers
The emotional effect was informed by White and Horvitz [41]
and was measured using a scale of 2 items of 5 points (strongly
disagree to strongly agree). The items assessed anxiousness
about a perceived medical condition and the extent to which
the website encouraged help seeking. Higher values represented
more positive emotional effects of using the website.

Recommended Action
At the conclusion of the Buoy diagnostic interview, users were
given at least one and up to 3 of 8 possible recommendations
for the next steps (triage level) that correspond to their cluster
of symptoms and potential diagnosis: (1) wait and watch, (2)
self-treatment, (3) phone call or in-person visit in the next 3
days, (4) primary care physician in 2 weeks, (5) primary care
physician in 1 to 2 days, (6) in-person visit that day or as soon
as possible, (7) hospital emergency room, and (8) emergency
medical service. Buoy users who received the 2 most urgent
recommended actions were not included in our study for ethical
reasons. A complete description of the recommendations is
available in Multimedia Appendix 1. Buoy provided the research
team with the actual recommendations shown to all eligible
users. In addition, we asked participants to indicate which of
the 6 possible recommendations they had received from Buoy.
We compared participants’ self-reports with the Buoy-reported
recommendations as a manipulation check. The comparison
matched survey responses with at least one of the Buoy
recommendations. Most self-reported recommendations matched
at least one recommendation, as reported by Buoy (1595/2141,
74.49%).

Intention to Follow Recommended Action
The reasoned action approach informed this measure [35].
Intention was measured for all 6 included recommended actions
and intentions to discuss Buoy’s recommendation with a
physician or other health professional. The response values
ranged from 1 (strongly disagree) to 5 (strongly agree).
Examples of the statement are as follows, “I intend to [follow
https://www.jmir.org/2022/8/e36322
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Buoy’s recommendation]” and “I intend to discuss the
information I got from Buoy with my doctor or other health
care professional.” Higher values on the item represented a
stronger intention to follow Buoy’s recommendations or discuss
the same with the physician. The recommended action was
assessed as a binary variable. Users who scored 4 or 5 on
intention (high) were classified as having medical intention,
whereas those who scored 1, 2, or 3 were classified as having
no medical intention. Intention to follow “Wait and Watch” and
“Self-Treatment” were combined on a “No Medical Intention”
scale. The intentions “Phone Call or In-Person Visit in the next
3 Days,” “Primary Care Doctor in 1-2 days,” and “In-Person
Visit Today or ASAP” were combined in a “Medical Intention”
scale.

Coding of Symptoms and Diagnoses
Users’ self-reported symptoms resulting from the Buoy
interview were coded into 13 categories using the Centers for
Disease Control and Prevention National Ambulatory Medical
Care Survey (NAMCS) coding protocol [42]. During the
interview, the users were prompted to enter up to 5 presenting
symptoms. We report only on the first as that was the primary
issue driving the use of the web-based symptom checker. Using
an iterative coding process, we generated a set of unique
symptoms (N=2040) and unique diagnoses (N=938) from all
Buoy data sets.
A total of 2 coders independently coded the first symptom.
Coder 1 was part of the codebook development process. Coder
2 was introduced into the study once the codebook was finalized.
Disagreements were resolved by discussion. The second author
resolved disagreements when consensus was not possible. Cohen
κ was run to determine interrater reliability between the 2
coders’ assignment of NAMCS codes for the 2040 unique
symptoms; there was substantial agreement between the 2 coders
(κ=0.73; [43]). We further categorized whether the first
symptoms were serious and likely to require medical attention
based on Shapiro et al [44] (chest pain that is heart related,
bleeding, loss of consciousness, shortness of breath, and weight
loss).
Users are provided with up to 3 possible diagnoses or display
names at the completion of their interview, ranked and weighted
according to Buoy’s proprietary algorithm, along with
recommendations for subsequent actions. Diagnoses were coded
into 25 categories comprising major systems, disorders, and
conditions, in line with the NAMCS. We report the first
diagnosis display name as the algorithm had the highest
confidence in it. In addition, the first diagnosis display name
had no missing data.

Analytic Approach
For this descriptive analysis, we computed frequencies and
percentages to summarize participant characteristics and
experiences, overall and by sex and ethnicity where relevant,
and to assess intentions to comply with Buoy recommendations.
ANOVAs with Bonferroni correction examined the mean
outcome differences between racial or ethnic groups on user
experience and recommendations. Nonparametric tests in the
form of the Wilcoxon rank sum test were performed to test the
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mean differences between sexes in user experience and
recommendations. The relationship between perceptions of the
symptom checker and intention to follow recommended actions
was assessed using logistic regression. Logistic regression
models examined the factors affecting confidence in
recommendations and intention to follow these. Analyses were
conducted using R (version 4.0.3; R Foundation for Statistical
Computing).

Ethics Approval
The University of California, Merced Institutional Review Board
approved this study (approval number: UCM2018-124).

Results

Arellano Carmona et al
college or more), mostly White (1227/1693, 72.47%), and
female (2069/2437, 84.89%). The mean age of the users was
39.4 (SD 14.7) years. Users were similar to other users of
web-based symptom tools, and a prior study of web-based
symptom checkers found that users were predominantly female
with a mean age of 40 years [33]. Findings from other studies
further indicate an age, sex, and socioeconomic divide among
adults’ web-based health information–seeking behaviors [45].
The sampled users were also relatively privileged in terms of
health care access; most had insurance (1449/1630, 89%) and
a regular health care provider (1307/1709, 76%). They were
generally in good health; 59% (1000/1703) reported their health
as good, very good, or excellent. Table 1 shows the additional
demographic details.

Users of a Web-Based Symptom Checker
Consistent with prior studies on health information seekers,
Buoy users were well-educated (1384/1704, 81.22% some
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Table 1. Sample characteristics and comparison with all users of an intelligent web-based symptom checker.
Analytic samplea (N=2437)

Eligible opt-outs (N=27,816)

Values, mean (SD)

39.35 (14.43)

36.92 (14.13)

Values, range

18-87

18-89

White

1227 (72.47)

—b

Black or African American

189 (11.16)

—

Latino or Hispanic

139 (8.21)

—

Asian or Pacific Islander

86 (5.08)

—

Other

52 (3.07)

—

High school or less

320 (18.78)

—

Some college

689 (40.43)

—

College

695 (40.79)

—

Characteristics
Age (years)

Ethnicity (N=1693), n (%)

Education (N=1704), highest level completed, n (%)

Household income (US $; N=1654), n (%)
<20,000

304 (18.38)

20,000-34,999

226 (13.66)

—

35,000-49,999

232 (14.03)

—

50,000-74,999

316 (19.11)

—

75,000-99,999

237 (14.33)

—

≥100,000

339 (20.50)

—

Excellent

63 (3.70)

—

Very good

288 (16.91)

—

Good

649 (38.11)

—

Fair

532 (31.24)

—

Poor

171 (10.04)

—

Have regular health care provider (N=1709), n (%)

1307 (76.48)

—

Have insurance (N=1630), n (%)

1449 (88.90)

—

General health status (self-reported; N=1703), n (%)

a

The number of Buoy users in the analytic sample was 2437; during the period of the study, there were a total of 27,816 potentially eligible users (aged
≥18 years, US IP address, those seeking for themselves, and who completed the Buoy interview in <10 minutes) who opted not to participate.
b

Data not available.

Drivers for Users to Use a Web-Based Symptom
Checker
Users selected ≥1 of the 5 stated reasons for using Buoy, as well
as open-ended responses, which were coded into 5 new
categories. Over one-third (839/2437, 34.43%) of the users
indicated persistent symptoms as a reason for using Buoy,
followed by new symptoms (767/2437, 31.47%), symptoms not
serious (545/2437, 22.36%), sensitive or embarrassing symptoms
(269/2437, 11.04%), and not confident that health care provider
provided correct diagnosis (220/2437, 9.03%). Less common
reasons included new categories/codes: curiosity (66/2437,
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2.71%), access (36/2437, 1.48%), anxiety (16/2437, 0.66%),
triage (29/2437, 1.19%), and other (30/2437, 1.23%; data not
shown).

Recommendations of the Web-Based Symptom
Checker
We report the patterns in symptoms and diagnoses in 2 ways.
First, we report the frequencies of symptoms and diagnoses
organized by the NAMCS Biological Systems associated with
them (Multimedia Appendix 2 [42,44]). Second, we report the
top 10 symptoms and diagnosis categories, overall and by sex
and race/ethnicity (Table 2).
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Table 2. Top 10 symptoms and diagnoses (sorted into major categories), overall and by sex and ethnicity (N=2437).
Symptoms and diagnoses

Overall

Female
(n=2069)

Male
(n=368)

White
(n=1227)

Latino
(n=139)

Black
(n=189)

Asian or Pacific Islander (n=86)

0.34

0.42

0.40

0.31

0.21

0.21

Primary symptom, proportion
Musculoskeletal pain; headache; other 0.35
pain
Axial musculoskeletal pain

0.05

0.05

0.06

0.06

0.02

0.02

0.01

Muscle pain

0.06

0.06

0.08

0.07

0.06

0.03

0.03

Joint pain

0.08

0.08

0.09

0.09

0.07

0.03

0.07

Headache

0.03

0.03

0.02

0.03

0.02

0.02

0

Chest pain

0.02

0.02

0.03

0.02

0.03

0.02

0.01

Other pain

0.11

0.10

0.13

0.11

0.10

0.08

0.08

Gynecological problems

0.12

0.14

0.00

0.08

0.16

0.22

0.26

All masses, lumps, and tumors

0.08

0.07

0.13

0.09

0.07

0.10

0.09

Edema

0.05

0.05

0.05

0.05

0.06

0.05

0.03

Skin issues

0.05

0.04

0.09

0.05

0.06

0.08

0.08

Gastrointestinal problems

0.05

0.05

0.04

0.06

0.10

0.03

0.06

Impaired sensation

0.04

0.03

0.06

0.04

0.01

0.04

0.03

Urinary tract problems

0.03

0.03

0.02

0.03

0.03

0.04

0.03

Acute upper respiratory tract symptoms

0.03

0.04

0.01

0.03

0.05

0.02

0.03

Other

0.18

0.19

0.17

0.19

0.15

0.22

0.16

Musculoskeletal conditions

0.12

0.12

0.17

0.14

0.08

0.07

0.07

Musculoskeletal injuries

0.05

0.05

0.05

0.06

0.04

0.04

0.02

Gynecological conditions

0.12

0.15

0

0.09

0.17

0.22

0.20

Skin problems

0.12

0.11

0.17

0.12

0.09

0.15

0.14

Infectious diseases

0.12

0.13

0.10

0.13

0.19

0.09

0.13

Digestive conditions

0.07

0.07

0.08

0.08

0.07

0.05

0.06

Neurological conditions

0.07

0.07

0.08

0.09

0.08

0.05

0.10

Cancer and benign growths

0.05

0.04

0.05

0.04

0

0.02

0.01

Urination problems

0.03

0.04

0.02

0.03

0.04

0.04

0.05

Endocrinal problems and conditions

0.03

0.03

0.02

0.03

0.01

0.04

0.03

Heart related issues

0.02

0.02

0.03

0.02

0.01

0.03

0.01

Other

0.17

0.18

0.22

0.18

0.24

0.19

0.17

Primary diagnosis, proportion

Only 3 types of symptoms—pain (855/2437, 35.08%),
gynecological issues (293/2437, 12.02%), and masses or lumps
(204/2437, 8.37%)—accounted for almost half (1352/2437,
55.48%) of the site visits. The top 3 symptoms entered by men
included pain (154/368, 41.8%), masses or lumps (49/368,
13.3%), and skin issues (33/368, 8.9%), whereas the top 3
symptoms in women included pain (701/2069, 33.88%),
gynecological issues (293/2069, 14.16%), and masses or lumps
(155/2069, 7.49%). Pain, gynecological issues, and masses or
lumps were also reported as the top 3 symptoms for White,
Black, and Asian or Pacific Islander users. The top 3 symptoms
in Latino users were pain (43/139, 30.9%), gynecological issues
(22/139, 15.8%), and gastrointestinal problems (14/139, 10.1%).
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In comparison, Native Americans, who represented <1% of
users, only entered five symptoms: pain (4/13, 31%),
gynecological issues (4/13, 31%), skin issues (1/13, 8%),
gastrointestinal problems (1/13, 8%), and impaired sensation
(1/13, 8%).
Among the entire sample, major diagnoses were musculoskeletal
(303/2437, 12.43%), gynecological (304/2437, 12.47%) and
skin conditions (297/2437, 12.19%), and infectious diseases
(300/2437, 12.31%). Comparably, the top 3 diagnoses reported
by Buoy for men included musculoskeletal conditions (63/368,
17.1%) and skin conditions (62/368, 16.8%) and infectious
diseases (37/368, 10%). The top 3 diagnoses for women included
gynecological conditions (304/2069, 14.69%), infectious
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diseases (263/2069, 12.7%), and musculoskeletal conditions
(240/2069, 11.59%). The diagnoses based on race or ethnicity
followed a similar pattern. White users also reported
musculoskeletal conditions (177/1227, 14.42%), infectious
diseases (163/1227, 13.28%), and skin conditions (148/1227,
12.06%) as the top 3 diagnoses. Latino, Black, and Asian or
Pacific Islander users reported gynecological conditions, skin
conditions, and infectious diseases as the top 3 diagnoses.
Gynecological conditions were reported as the top diagnosis
category by Black (42/189, 22.2%) and Asian or Pacific Islander
(17/86, 20%) users, whereas Latino users reported infectious
diseases (26/139, 18.7%) as the top diagnosis category.
Buoy’s primary recommendation was more evenly split across
the less-serious triage categories. Users self-reported primary
care physicians in 2 weeks (754/2141, 35.22%), self-treatment
(452/2141, 21.11%), and primary care in 1 to 2 days (373/2141,
17.42%) as the top 3 recommendations provided by Buoy,
followed by wait and watch (339/2141, 15.83%). Only 5.74%
(123/2141) and 4.67% (100/2141) of users self-reported phone
calls or in-person visits in the next 3 days and in-person visits
that day or as soon as possible, respectively. The
recommendations reported by Buoy closely matched primary
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care physicians in 2 weeks (924/2437, 37.91%), self-treatment
(552/2437, 22.65%), and primary care in 1 to 2 days (456/2437,
18.71%). Most users (2098/2437, 86.09%) had 2
recommendations. Approximately 71.85% (1751/2437) had 3
recommendations, as reported by Buoy.

Users’ Perceptions of the Web-Based Symptom
Checking Experience
Users generally reported high levels of confidence in Buoy
(mean 3.47, SD 0.97), found it useful (mean 4.18, SD 0.81) and
easy to understand (mean 4.64, SD 0.53), and said that Buoy
made them feel less anxious (mean 3.60, SD 1.05) and more
empowered to seek medical help (mean 3.75, SD 0.96)
Compared with White users, Latino and Black users had
significantly more confidence in Buoy (P<.05), and the former
also found it significantly more useful (P<.05; Table 3).
Consistent with prior studies on trust in web-based health
information sources [46-48], physicians were the most trusted
source. However, Buoy was trusted more (mean 3.68, SD 0.61)
than any other nonmedical source, including government
agencies (mean 2.85, SD 0.95), family (mean 2.64, SD 0.76),
and Google (mean 2.52, SD 0.79).
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Table 3. Buoy user experience and recommendations (N=2437).

a

Item

Overall

Comprehensibility of Buoy, mean
(SD)
Buoy website was understandable,
mean (SD)

Male
(n=368)

Female
(n=2069)

White
(n=1227)

Latino
(n=139)

Black
(n=189)

Asian or Pacific
Islander (n=86)

4.64 (0.53) 4.61 (0.49) 4.65 (0.53)

4.67 (0.50)

4.68 (0.55)

4.67 (0.53)

4.60 (0.45)

4.60 (0.61) 4.57 (0.54) 4.60 (0.62)

4.63 (0.57)

4.63 (0.67)

4.60 (0.63)

4.57 (0.50)

Buoy website was easy to read, mean 4.66 (0.56) 4.62 (0.52) 4.67 (0.57)a
(SD)

4.68 (0.54)

4.69 (0.59)

4.71 (0.55)

4.64 (0.48)

Language used on the Buoy website
was easy to understand, mean (SD)

4.68 (0.55) 4.65 (0.51) 4.68 (0.55)

4.70 (0.51)

4.71 (0.58)

4.70 (0.54)

4.59 (0.49)

Confidence in Buoy, mean (SD)

3.47 (0.96) 3.39 (0.89) 3.49 (0.99)

3.44 (0.96)b

3.69 (0.92)b

3.63 (1.04)

3.48 (0.88)

Confidence in diagnoses, mean (SD) 3.34 (1.05) 3.27 (0.97) 3.36 (1.06)

3.29 (1.05)b,c

3.58 (0.99)b

3.53 (1.11)c

3.35 (0.96)

Confidence in the recommendation,
mean (SD)

3.60 (1.01)

3.79 (0.98)

3.73 (1.09)

3.60 (0.91)

Perceived utility of Buoy, mean (SD) 4.18 (0.81) 4.14 (0.77) 4.19 (0.82)

4.16 (0.80)d

4.43 (0.73)d

4.25 (0.86)

4.20 (0.76)

Buoy enabled me to diagnose my
symptoms more quickly, mean (SD)

4.15 (0.85) 4.11 (0.81) 4.16 (0.86)

4.12 (0.84)e

4.45 (0.75)e,f

4.20 (0.92)f

4.19 (0.80)

Using Buoy made the diagnosis of
my symptoms easier, mean (SD)

4.16 (0.86) 4.12 (0.81) 4.16 (0.87)

4.13 (0.85)b

4.38 (0.79)b

4.23 (0.91)

4.14 (0.81)

Overall, I found Buoy useful to diag- 4.23 (0.86) 4.19 (0.83) 4.24 (0.86)
nose my symptoms, mean (SD)

4.22 (0.85)b

4.47 (0.75)b

4.31 (0.89)

4.27 (0.77)

Emotional consequences of using
Buoy, mean (SD)

3.68 (0.90) 3.65 (0.79) 3.68 (0.91)

3.65 (0.88)

3.76 (1.02)

3.72 (1.00)

3.76 (0.66)

Less anxious, mean (SD)

3.60 (1.05) 3.56 (0.94) 3.61 (1.07)

3.58 (1.04)

3.70 (1.15)

3.59 (1.16)

3.67 (0.79)

Encouraged to seek help, mean (SD) 3.75 (0.96) 3.74 (0.88) 3.76 (0.98)

3.73 (0.95)

3.83 (1.11)

3.86 (1.05)

3.84 (0.76)

3.60 (1.02) 3.52 (0.95) 3.62 (1.03)

Significant difference between sex (P<.05).

b

Significant difference between White and Latino users (P<.05).

c

Significant difference between White and Black users (P<.05).

d

Significant difference between White and Latino users (P<.001).

e

Significant difference between White and Latino users (P<.001).

f

Significant difference between Latino and Black users (P<.05).

Relationship Between Perceptions of a Web-Based
Symptom Checker and Intention to Follow
Recommended Actions
Overall, most users reported intentions to follow Buoy’s
recommendations (1428/1886, 75.71%) and discuss Buoy’s
recommendations with a physician or health care professional
(1198/1830, 65.44%; Table 4). Users reported the strongest
intention to follow Buoy’s wait and watch recommendation
(mean 4.38, SD 0.90), followed by self-treatment (mean 4.33,
SD 0.93), in-person visit that day or as soon as possible (mean
4.17, SD 1.01), phone call or in-person visit in the next 3 days
(mean 4.05, SD 1.05), primary care physician in 2 weeks (mean
3.92, SD 1.19), and primary care physician in 1 to 2 days (mean
3.68, SD 1.26).
Intention to discuss Buoy’s recommendations was positively
associated with having a regular provider (odds ratio [OR] 1.37,
95% CI 1.04-1.82), and an income >US $50,000 was negatively
associated (OR 0.75, 95% CI 0.57-0.98; OR 66, 95% CI
0.48-0.91; Table 5). Users aged between 35 and 44 years (OR
https://www.jmir.org/2022/8/e36322
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1.51, 95% CI 1.13-2.03) and 45 and 64 years (OR 1.57, 95%
CI 1.18-2.10) had better intentions of discussing
recommendations than younger users (aged 18-34 years).
Compared with White users, Latino (OR 1.96, 95% CI
1.22-3.25) and Black (OR 2.37, 95% CI 1.57-3.66) users had
stronger intentions to discuss recommendations with a provider,
and Black users were twice as likely to intend to do so.
Confidence in Buoy (OR 1.54, 95% CI 1.34-1.76), perceived
utility (OR 1.32, 95% CI 1.10-1.58), and anxiety reduction
because of using Buoy (OR 1.43, 95% CI 1.24-1.63) were
associated with higher intention to discuss Buoy’s
recommendations.
Overall, users had strong intentions to follow Buoy’s
recommendations, and users who self-reported very good or
excellent health had the strongest intention to wait or watch or
self-treat (OR 1.92, 95% CI 1.04-3.65; Table 5). Those who
reported Buoy as easy to read and understand were 2.2 times
(95% CI 1.21-4.14) more likely to intend to wait or watch or
self-treat than those who reported lower comprehensibility for
Buoy. Users with health insurance (OR 2.21, 95% CI 1.36-3.57)
J Med Internet Res 2022 | vol. 24 | iss. 8 | e36322 | p.1100
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and a regular provider (OR 1.59, 95% CI 1.11-2.28) had the
strongest intentions to seek care. Confidence in Buoy (OR 1.87,
95% CI 1.56-2.25) and anxiety reduction because of Buoy (OR

Arellano Carmona et al
1.54, 95% CI 1.29-1.83) were also associated with a higher
intention to seek care.

Table 4. Intentions to follow and discuss Buoy recommendations (N=2437).
Item

Overall

Male
(n=368)

Female
(n=2069)

Intentions to follow Buoy’s recommendations (n=1886), n (%)

1428
(75.71)

187 (9.91)

Wait and watch (n=283), n (%)

249 (87.9)

Self-treatment (n=385), n (%)

339 (88.1)

Black
(n=189)

Asian or Pacific Islander (n=86)

1241 (65.8) 908 (48.14) 116 (6.15)

149 (7.9)

62 (3.29)

24 (9.6)

225 (79.5)

146 (51.6)

23 (8.1)

29 (10.2)

22 (7.8)

50 (14.7)

289 (75.1)

226 (58.7)

34 (8.8)

32 (8.3)

8 (2.1)

Phone call or in-person visit in the next 3 81 (75.7)
days (n=107), n (%)

14 (13.1)

67 (62.6)

49 (45.8)

7 (6.5)

8 (7.5)

3 (2.8)

Primary care physician in 2 weeks
(n=688), n (%)

487 (70.7)

60 (12.3)

427 (62.1)

317 (46.1)

35 (5.1)

48 (7.0)

17 (2.5)

Primary care physician in 1 to 2 days
(n=336), n (%)

205 (61.0)

29 (14.1)

176 (52.4)

137 (40.8)

9 (2.7)

22 (6.5)

10 (3.0)

10 (11.5)

57 (65.5)

33 (37.9)

8 (9.2)

10 (11.5)

2 (2.3)

156 (8.52)

1042
(56.94)

758 (41.42) 109 (5.96)

150 (8.19)

51 (2.79)

In-person visit that day or as soon as pos- 67 (77.0)
sible (n=87), n (%)
Intentions to discuss Buoy’s recommendations 1198
(n=1830), n (%)
(65.46)
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White
(n=1227)

Latino
(n=139)
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Table 5. Intentions to follow Buoy’s recommendations.
Predictors

a

Discuss Buoy’s recommendations

No medical intention

Medical intention

ORa

P value

OR

P value

OR

P value

Intercept

0.02 (0.01-0.06)

<.001b

0.04 (0.00-0.75)

.03b

0.02 (0.00-0.11)

<.001b

Age 35 to 44 years

1. 51 (1.13-2.03)

.006b

0.66 (0.32-1.40)

.28

1.09 (0.74-1.60)

.67

Age 45 to 64 years

1.57 (1.18-2.10)

.002b

0.57 (0.26-1.26)

.16

1.07 (0.74-1.55)

.70

Age ≥65 years

1.31 (0.79-2.21)

.30

0.97 (0.28-4.08)

.96

1.12 (0.58-2.27)

.74

Female

0.86 (0.62-1.20)

.39

0.79 (0.31-1.80)

.59

1.00 (0.65-1.54)

.99

b

Black

2.37 (1.57-3.66)

<.001

0.62 (0.27-1.57)

.23

1.49 (0.89-2.54)

.14

Latino

1.96 (1.22-3.25)

.007b

1.56 (0.48-7.12)

.50

1.38 (0.74-2.68)

.33

Asian or Pacific Islander

1.04 (0.62-1.74)

.99

0.79 (0.24-3.23)

.72

0.82 (0.43-1.64)

.57

Other ethnicities

1.56 (0.80-3.18)

.20

0.67 (0.18-3.39)

.58

0.94 (0.41-2.28)

.89

Have insurance

0.79 (0.52-1.18)

.25

0.74 (0.24-2.01)

.57

2.21 (1.36-3.57)

.001b

Have regular provider

1.37 (1.04-1.82)

.03

0.51 (0.21-1.14)

.12

1.59 (1.11-2.28)

.01b

General health status: very good or excellent 1.09 (0.86-1.38)

.50

1.92 (1.04-3.65)

.04b

0.95 (0.70-1.29)

.73

Some college

0.95 (0.68-1.38)

.77

1.03 (0.41-2.46)

.95

0.89 (0.57-1.38)

.61

College degree

0.73 (0.52-1.04)

.08

0.54 (0.21-1.29)

.18

0.69 (0.43-1.08)

.11

b

US $50,000-99,999

0.75 (0.57-0.98)

.03

1.55 (0.76-3.18)

.22

1.20 (0.85-1.70)

.31

≥US $100,000

0.66 (0.48-0.91)

.01b

1.74 (0.76-4.17)

.20

0.92 (0.61-1.38)

.68

Comprehensibility of Buoy

1.19 (0.93-1.53)

.17

2.24 (1.21-4.14)

.01b

0.90 (0.65-1.22)

.49

Confidence in Buoy

1.54 (1.34-1.76)

<.001b

2.23 (1.61-3.14)

<.001b

1.87 (1.56-2.25)

<.001b

Perceived utility of Buoy

1.32 (1.10-1.58)

.002b

1.02 (0.63-1.62)

.93

1.12 (0.90-1.39)

.32

Emotional consequences of using Buoy

1.43 (1.24-1.63)

<.001b

1.02 (0.66-1.53)

.93

1.54 (1.29-1.83)

<.001b

OR: odds ratio.

b

Significant association.

Discussion
Principal Findings
This study sought to understand who uses web-based
AI-powered symptom checkers and for what purposes. The
demographic profile of Buoy users was similar to that described
in other studies of web-based health information seekers,
suggesting that older, marginalized groups continue to be
digitally excluded. Consistent with data on internet-based
health-seeking behaviors more generally [49], most Buoy users
were middle-aged (or younger), female, and highly educated.
More research is needed to better understand older adults’
web-based health information–seeking behaviors and support
their medical and health decisions [50]. Although a scoping
review of articles examining AI-driven symptom checkers from
various perspectives found that those who do not have access
to health care services are more likely to use symptom checkers
[51], Buoy users overwhelmingly reported having health
insurance. This finding does not negate the possibility that users
were motivated by financial considerations, as most
https://www.jmir.org/2022/8/e36322
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contemporary health plans require an out-of-pocket copayment.
Nevertheless, this suggests that other considerations such as
convenience were also salient.
Along these lines, prior research has identified an association
between stigmatizing conditions and the use of symptom
checkers [51]. In this study, gynecological problems were among
the top 3 symptom groups. Furthermore, across presenting
symptoms or diagnoses, approximately 11.04% (269/2437) of
the respondents were “too embarrassed” to seek in-person care.
Taken together, these findings suggest that symptom checkers
might be particularly useful for users affected by conditions
considered personal, embarrassing, stigmatizing, not warranting
the physician’s attention, or requiring potentially uncomfortable
or psychologically stressful physical examinations (such as
pelvic examinations).
In examining the reasons for using the tool, approximately
one-third of the respondents had persistent symptoms that failed
to resolve spontaneously, another one-third had new symptoms,
and the rest either thought they did not need professional
attention or (as mentioned previously) were too embarrassed to
J Med Internet Res 2022 | vol. 24 | iss. 8 | e36322 | p.1102
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seek care. Thus, some patients used the symptom checker
because they had significant health-related concerns; some
because they lacked sufficient concern to warrant in-person
care; and some because they had issues with perceived quality,
cost, or convenience of available care or simply wanted a second
opinion. Symptoms that persist longer than expected have been
identified as strong drivers of health-related anxiety and, thus,
health care use [52]. At the same time, valuing convenience and
lack of trust in the health care system (factors that may be
particularly prominent among young people and racially and
ethnically minoritized groups, respectively) have been associated
with a lower propensity to use formal health care services [53].
Regarding the user experience, users had high levels of
confidence in Buoy and found it useful. Moreover, users trusted
Buoy more than any other nonmedical source. Perceived
confidence, utility, and trust were associated with a stronger
intention to discuss Buoy’s recommendations with a physician.
This finding is in line with a study examining patient
perspectives on the usefulness of a symptom checker [11]. Most
Buoy users found the tool useful for diagnosis, and most
reported that they would use it again. Although the experiences
of users who discussed recommendations with their physicians
varied, most felt that physicians were open to discussing the
results of the tool. This is an important finding, as users may
not follow recommendations to seek care if they believe that
acting on the advice of a symptom checker will be questioned
or even belittled by their physician, regardless of their
confidence in the tool.
This study ultimately advances the understanding of web-based
health information–seeking behaviors and outcomes by linking
objective measures of information seeking from a web-based
AI-powered system with clinical and psychosocial outcomes.
The results demonstrate the potential utility of an artificially
powered web-based health information tool to improve outcomes
for users. Symptom checkers have been described as a means
of addressing the lack of access to physicians and reducing
unnecessary office visits [4].
There is a lack of research on whether the use of symptom
checkers translates into medical care–seeking behaviors [4,33].
Future research should examine the effects of such tools on
medical care seeking, specifically how users interpret
recommendations, whether the recommendations are followed,
and how user responses vary among sociodemographic groups.
For example, one might surmise that individuals with limited
access to care or with prior negative health care experiences
might be more likely to attend to, appreciate, and follow such
recommendations than their more privileged counterparts.
Although symptom checkers may empower users to make more
informed decisions, they might paradoxically worsen health
disparities if their use were less accessible to some groups.
Currently, web-based symptom checkers are mostly available
for free. As web-based symptom checker companies establish
partnerships with employers and health insurance companies
to ensure profits, not all users may be equally ready or able to
pay for symptom checking.
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Limitations and Strengths
We partnered with the Buoy technical and medical staff to
sample the users. Owing to our partnership approach, we were
able to obtain the specific symptoms reported by the participants
as the primary reason for using Buoy, as well as the possible
diagnoses identified by Buoy and Buoy’s triage
recommendation. This allowed for the comparison and
validation of self-reported data. We also obtained from Buoy
the symptoms, diagnoses, triage, and sex of eligible users who
opted not to participate in our study. This allowed us to compare
our sample to the population of users and assess potential bias.
In addition, a benefit of a collaborative approach is the potential
to overcome the self-report limitations of prior studies. Thus,
we obtained from Buoy the paths that individuals took and
Buoy’s final recommendation. We were also able to match the
initial reason for the consultation to the reason reported in the
survey and assess the extent to which respondents understood
the recommendation and intended to act upon it. By leveraging
a public or private partnership, we were able to explore the use
and effects of a web-based symptom checker, which has
important implications for health equity and the health care
system during and after the COVID-19 crisis.
The limitations of this study include the use of cross-sectional
data, which limited the ability to make any causal inferences,
and the potential lack of applicability to other web-based
symptom checkers. In addition, we did not assess the actual
search terms entered by users. Finally, our study used a limited
definition of web-based health information. Searches for
symptoms using a web-based symptom checker differ from
other forms of health-related information communicated through
the internet. For example, web-based health communities can
also be a source of social support [54] and peer-to-peer medical
advice [7].

Conclusions
The results of this study demonstrate the potential utility of a
web-based health information tool to empower people to seek
appropriate care and reduce health-related anxiety. An
interactive symptom checker might provide more personalized
and potentially reliable medical information than other forms
of web-based health information–seeking. Despite encouraging
results suggesting that the web-based tool may fulfill unmet
health information needs among women and Black and Latino
adults, analyses of the user base illustrate persistent second-level
digital divide effects.
For web-based symptom checkers to make a meaningful
contribution, they must not only be trusted by users but also
meet their diverse needs, especially those concerning usability
and comprehensibility. The inability to access web-based
symptom checkers may also be associated with increased
disparities in access to care, particularly among groups that have
lagged historically in terms of digital access and literacy.
Moreover, web-based symptom checker business models may
further exacerbate these disparities. In contrast, AI technologies
such as Buoy have the potential to alleviate disparities by
allowing users to access accurate, actionable, and personalized
advice within an evolving but often confusing web-based health
information environment. Finally, there is a lack of evidence
J Med Internet Res 2022 | vol. 24 | iss. 8 | e36322 | p.1103
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on whether web-based symptom checkers influence care-seeking
behaviors. To address this gap, future research will use Buoy
users’ follow-up data to assess the extent to which users discuss

Arellano Carmona et al
their web-based findings with physicians, as well as barriers to
the same and patient satisfaction.
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Abstract
Background: The development of COVID-19 vaccines has been crucial in fighting the pandemic. However, misinformation
about the COVID-19 pandemic and vaccines is spread on social media platforms at a rate that has made the World Health
Organization coin the phrase infodemic. False claims about adverse vaccine side effects, such as vaccines being the cause of
autism, were already considered a threat to global health before the outbreak of COVID-19.
Objective: We aimed to synthesize the existing research on misinformation about COVID-19 vaccines spread on social media
platforms and its effects. The secondary aim was to gain insight and gather knowledge about whether misinformation about autism
and COVID-19 vaccines is being spread on social media platforms.
Methods: We performed a literature search on September 9, 2021, and searched PubMed, PsycINFO, ERIC, EMBASE, Cochrane
Library, and the Cochrane COVID-19 Study Register. We included publications in peer-reviewed journals that fulfilled the
following criteria: original empirical studies, studies that assessed social media and misinformation, and studies about COVID-19
vaccines. Thematic analysis was used to identify the patterns (themes) of misinformation. Narrative qualitative synthesis was
undertaken with the guidance of the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020
Statement and the Synthesis Without Meta-analysis reporting guideline. The risk of bias was assessed using the Joanna Briggs
Institute Critical Appraisal tool. Ratings of the certainty of evidence were based on recommendations from the Grading of
Recommendations Assessment, Development and Evaluation Working Group.
Results: The search yielded 757 records, with 45 articles selected for this review. We identified 3 main themes of misinformation:
medical misinformation, vaccine development, and conspiracies. Twitter was the most studied social media platform, followed
by Facebook, YouTube, and Instagram. A vast majority of studies were from industrialized Western countries. We identified 19
studies in which the effect of social media misinformation on vaccine hesitancy was measured or discussed. These studies implied
that the misinformation spread on social media had a negative effect on vaccine hesitancy and uptake. Only 1 study contained
misinformation about autism as a side effect of COVID-19 vaccines.
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Conclusions: To prevent these misconceptions from taking hold, health authorities should openly address and discuss these
false claims with both cultural and religious awareness in mind. Our review showed that there is a need to examine the effect of
social media misinformation on vaccine hesitancy with a more robust experimental design. Furthermore, this review also
demonstrated that more studies are needed from the Global South and on social media platforms other than the major platforms
such as Twitter and Facebook.
Trial Registration:
PROSPERO International Prospective Register of Systematic Reviews CRD42021277524;
https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42021277524
International Registered Report Identifier (IRRID): RR2-10.31219/osf.io/tyevj
(J Med Internet Res 2022;24(8):e37367) doi:10.2196/37367
KEYWORDS
social media; misinformation; COVID-19 vaccines; vaccination hesitancy; autism spectrum disorder

Introduction
Background
An unprecedented global effort has been undertaken to develop
vaccines that protect against COVID-19. However, there is a
grave concern that vaccine hesitancy will be a major obstacle
to reaching herd immunity. In 2019, the World Health
Organization (WHO) had already named vaccine hesitancy as
1 of 10 threats to global health [1]. Global vaccine distribution
equity is also a major challenge. Figures from February 2022
show that 61.9% of the world’s population has received at least
one dose of a COVID-19 vaccine, but only 10.6% of people in
the Global South have received a dose [2]. Furthermore, the
rate of people receiving a COVID-19 vaccine in some
high-income countries where vaccines are available and free
has dropped [3]. The WHO reiterates that COVID-19 vaccines
remain critical and are considered effective against severe
disease and death [4].
The reasons behind COVID-19 vaccine hesitancy are complex.
Fear of side effects and concerns about the pace at which the
vaccines were developed have been cited as primary reasons
behind this hesitancy [5]. In addition, misinformation about
COVID-19 and vaccines has spread on social media platforms
at a rate that has made the WHO coin the phrase infodemic [6].
An infodemic is “too much information including false or
misleading information in digital and physical environments
during a disease outbreak” [7,8].
A well-known false claim is that the measles, mumps, and
rubella (MMR) vaccine can cause autism [9]. The claim has
since been empirically refuted many times but is still stated as
a major concern for some parents [10]. Motta and Steccula [11]
examined American public opinion data on MMR safety
collected before and after a retracted 1998 study linking autism
to MMR. The researchers detected a statistically significant
increase in public concern about MMR safety following the
retracted study and the media attention it received. This suggests
that misleading vaccine information can impact public
confidence in vaccines and cause skepticism about vaccines in
general. Since the retracted 1998 study, groups of vaccine
deniers or antivaxxers have grown, and claims that vaccines are
harmful have spread to almost all vaccines [12]. Pullan and Dey
[13] analyzed search patterns in Google Trends during the early
stage of the pandemic in 2020 and found that search interest in
https://www.jmir.org/2022/8/e37367
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COVID-19 vaccines had understandably increased, but also
found that well-known antivaccine searches such as “autism”
and “mercury” also had a growing presence and similar spikes
as search patterns for COVID-19 vaccines. These results confirm
that the false claim of associations between autism and MMR
vaccines has become an argument for all types of vaccines and
also possibly a concern when it comes to COVID-19 vaccines.
Therefore, we examined whether misinformation on social
media in recent times linked autism to COVID-19 vaccines.
Furthermore, vaccine hesitancy based on misinformation seems
to be a worldwide phenomenon regardless of the uneven
distribution of COVID-19 vaccines [4]. Social media plays a
crucial role in disseminating both correct information and
misinformation about infectious diseases and vaccines [14].
Wilson and Wiysonge [15] showed, in a global cross-national
analysis of geographically coded tweets and vaccination rates
from 166 countries, that there was a significant relationship
between social media use and vaccine hesitancy. However, there
has been a joint effort by several of the largest social media
platforms and technology companies to combat the spread of
misinformation about COVID-19 [16].

Objective
We aimed to synthesize the existing research on misinformation
about COVID-19 vaccines spread on social media platforms
and its effects. The secondary aim was to gain insight and gather
knowledge about whether misinformation about autism and
COVID-19 vaccines is being spread on social media platforms.
The following questions guided our inquiry: What is known
about misinformation regarding COVID-19 vaccines spread on
social media platforms? What is known about the effects of
misinformation about COVID-19 vaccines spread on social
media platforms? What is known about social media
misinformation on COVID-19 vaccines concerning autism
spectrum disorder?

Methods
Design
We followed the guidance from Cochrane Rapid Reviews [17].
We chose a rapid review protocol in line with the
recommendations by Cochrane; that is, the need “for timely
evidence for decision-making purposes including to address
urgent and emergent health issues and questions deemed to be
J Med Internet Res 2022 | vol. 24 | iss. 8 | e37367 | p.1109
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of high priority” [17]. The need to address vaccine hesitancy
toward COVID-19 vaccines is an emergent health issue. The
narrative qualitative synthesis was undertaken with the guidance
of the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) 2020 Statement [18] and the
Synthesis Without Meta-analysis reporting guideline [19].

Search Strategy and Selection Criteria
With the help and expertise of an information retrieval specialist,
we used the following search string in this rapid review:
(“misinformation” OR “disinformation” OR “information”)
AND (“social media” OR “Facebook” OR “Twitter” OR
“Instagram” OR “WhatsApp” OR “Telegram” OR “Tumblr”
OR “Pinterest” OR “YouTube” OR “VKontakte” OR
“Snapchat” OR “TikTok” OR “Weibo” OR “WeChat” OR
“Reddit”) AND (“covid*” OR “corona*” OR “pandemic” OR
“Sars-CoV-2” AND “vaccine*” OR “vaccination*”).

Skafle et al
2 were in Spanish, and the rest were in English. IS can
understand German and EG speaks Spanish. IS and EG
performed a further assessment of the eligibility of the full-text
records and conducted a pilot exercise using the same 10
full-text articles to calibrate and test the review form. After the
screening, both reviewers assessed the articles that the other
had excluded. ANH assisted with conflicts and discussed doubts
surrounding the included or excluded articles. The data
extraction from the included articles involved 2 reviewers (IS
and EG), where IS extracted data using a piloted form and EG
checked for the correctness and completeness of the extracted
data. Data from the included articles were extracted based on
design and study population, type of misinformation, effect of
misinformation, misinformation about autism, ethical
considerations, and social media channels. The agreed evidence
was then synthesized narratively.

Publications were excluded if the studies were not original
empirical research, if studies examined vaccines in general and
not COVID-19 vaccines, if studies did not examine social media
misinformation, and if data were gathered before the COVID-19
vaccine Pfizer-BioNTech phase 3 clinical trial [20].

To synthesize the knowledge gathered about the types of
misinformation, a thematic analysis was performed [23]. After
the data extraction, IS gathered the data on the content of the
misinformation. The data extracts on misinformation were then
coded by ANH. IS and ANH searched for themes based on the
codes and agreed upon 3 final themes of misinformation:
conspiracies, medical misinformation, and vaccine development.
EG approved the themes. Multimedia Appendix 2 provides an
overview of the thematic analysis that was undertaken.

Data Collection Process and Extraction

Assessment of Risk of Bias

This review was registered with the PROSPERO international
register of systematic reviews (CRD42021277524). Systematic
searches in the PubMed, PsycINFO, ERIC, EMBASE, Cochrane
Library, and Cochrane COVID-19 Study Register databases
were conducted by an information retrieval specialist on
September 9, 2021. Duplicates were identified and removed by
IS and EG. We used Rayyan [21] as the screening tool. Rayyan
is a web application and mobile app for systematic reviews. It
eases the process of the initial screening of abstracts and titles
and helps researchers save time when they share and compare
include-exclude decisions. All titles and abstracts were screened
by IS and ANH independently. In the initial search, no date
restriction was set. However, during the piloting of the title and
abstract screening, IS and ANH discussed the fact that there
were studies that explored misinformation about COVID-19
vaccines at a very early stage in the pandemic, before any
COVID-19 vaccines were a reality. We decided that we needed
a threshold date as to when we believed we found
misinformation about the actual COVID-19 vaccines to be
relevant, as misinformation at a very early stage would be about
a potential vaccine. Therefore, we decided to include studies
that were conducted during and after the Pfizer-BioNTech phase
3 clinical trial, because then the news about an actual vaccine
was starting to spread around the world and thus starting to
become a reality. We chose the Pfizer-BioNTech vaccine
because it was the first COVID-19 vaccine to be approved by
the WHO [22].

The risk of bias was graded according to the Joanna Briggs
Institute (JBI) Critical Appraisal tool “Checklist for Analytical
Cross-sectional Studies” [24] by 1 experienced reviewer (DSQ).
The evaluation was based on answers to 8 questions (yes, no,
or not applicable). The studies were classified as having low
(>70%), moderate (40%-70%), or high (<40%) risk of bias. A
complete overview of the assessment can be found in
Multimedia Appendix 3 [25-69].

No date or language limitations were used. The full search
strategy of the information retrieval specialist is available in
Multimedia Appendix 1.

Of the 319 titles and abstracts screened, IS and ANH disagreed
on 35. The disagreements were resolved through discussions
between the 2 reviewers and if an extra opinion was needed,
EG was consulted. Of these articles, 1 article was in German,
https://www.jmir.org/2022/8/e37367
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Assessment of the Quality of the Evidence
One experienced reviewer (RW) assigned certainty of evidence
ratings based on recommendations by the Grading of
Recommendations Assessment, Development and Evaluation
(GRADE) working group [70]. The included studies that looked
at associations were given a narrative GRADE score related to
the outcome “Association between social media misinformation
and vaccine hesitancy.” The level of quality of evidence was
classified as very low, low, moderate, or high. A complete
overview of the assessment can be found in Multimedia
Appendix 4 [25-69].

Data Synthesis
Narrative synthesis was undertaken with the guidance of the
PRISMA 2020 Statement [18] and Synthesis Without
Meta-analysis reporting guideline [19]. In the synthesis, findings
from our included studies were grouped according to study
design, population, social media sample, types of social media,
types of misinformation reported, misinformation about autism,
the reported effect of the misinformation on vaccine hesitancy,
and the assessments of risk of bias and quality of evidence.
When synthesizing the findings narratively, studies with a low
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risk of bias or high quality of evidence will be highlighted on
several occasions.

Results
Study Selection and Risk of Bias
We identified 45 relevant studies (Figure 1). The list of excluded
articles during the full-text review and the reasons for exclusion
are reported in Multimedia Appendix 5. The risk of bias in 53%
(24/45) of the included studies was classified as low, according
to the JBI Critical Appraisal tool [25-42,47-52]. In total, 18%
(8/45) of the studies showed a moderate risk of bias
[43-46,53-56]. Finally, 27% (12/45) of the included studies
showed a high risk of bias [57-68]. Of the 45 studies, in 1 (2%)
study [69], none of the questions in the JBI tool were applicable.
We grouped the studies into 2 major categories according to
data sampling. One group gathered data through surveys,
interviews, or focus groups (Table 1). The other group gathered
data from social media platforms (Table 2). The largest total
population sample in the first group of 22 studies (Table 1)

Skafle et al
came from Europe, with 27,975 respondents in total. All
respondents were described as adults or >18 years, except for
2 studies in the United States where the participants were aged
≥65 years [28,34]. Another exception was 1 study from Slovenia,
where participants aged ≥15 years were included [35]. Gender
has not been a focal point in any of the 45 included studies.
Data were extracted from social media platforms in 23 of the
included studies. These studies formed the second group (Table
2).
The 12 studies that were assessed to have a high risk of bias
were found in the second group (Table 2), whereas the studies
in Table 1 had a low or moderate risk of bias according to the
JBI tool.
Many of the studies did not name social media platforms in the
first group (Table 1) but rather discussed social media platforms
in general. However, some studies did specify which social
media platforms they were assessing. Figure 2 summarizes the
types of social media platforms specified in the 45 included
studies.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 flow diagram for new systematic reviews.
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Table 1. Studies in which data were collected through surveys, observations, or interviews (n=22).
Study

Country

Study period

Study design

Type of social Social media or
media
population sample

Type of misinformation
reported

Risk of

COVID-19 is not a serious infection that requires vaccination

Low

bias (JBIa)

Alibrahim and
Awad [25],
2021

Kuwait

March 26 to
April 26, 2021

Cross-section- Not specified
al study

4147 adults, ≥18
years

Allington et al
[26], 2021

United Kingdom

November 21 to
December 21,
2020

Cross-section- Not specified
al study

4343 UK residents, Conspiracy theories (not Low
aged 18-75 years
specified)

Aloweidi et al
[27], 2021

Jordan

January 22 to
February 28,
2021

Cross-section- Not specified
al study

646 adults

Bhagianadh and United States
Arora [28],
2021

October to
November 2020

Longitudinal
survey

Not specified

5784 Medicare en- Distrust of government
Low
rollees, ≥65 years narrative about vaccines;
vaccine will cause
COVID-19

Brodziak et al
[29], 2021

Poland

January 26 to
February 28,
2021

Survey

Not specified

635 adult patients
with cancer

The vaccine contains
bodies of aborted children; COVID-19 does
not exist

Low

Chadwick et al
[30], 2021

United Kingdom

September 24 to Cross-section- Not specified
October 17, 2020 al study

5114 adults in the
United Kingdom

Conspiracies (not specified)

Low

Ebrahimi et al
[31], 2021

Norway

January 23 to
Cross-section- Not specified
February 2, 2021 al study

4571 Norwegian
adults

Not specified

Low

Kanyike et al
[32], 2021

Uganda

Monday, March
15, and Sunday,
March 21, 2021

600 medical students, ≥18 years

Negative information
about COVID-19

Low

Karabela et al
[33], 2021

Turkey

February 1, 2021, Cross-section- Social media,
to February 28,
al study
WhatsApp,
2021
and YouTube

1216 adults

Conspiracy theories (not Low
specified)

Park et al [34],
2021

United States

October to
November 2020

Cross-section- Not specified
al study

6478 Medicare
beneficiaries

The belief that COVID19 is not that dangerous

Low

Petravić et al
[35], 2021

Slovenia

December 17 to
December 27,
2020

Cross-section- Not specified
al study

12,042 Slovenian The vaccines will cause
residents, ≥15
a genocide; COVID-19
years. Analysis of is the same as influenza
responses from the
2320 respondents
(12%) who answered the openended question

Low

Sallam et al
[36], 2021

Jordan

January 19 to
Cross-section- Not specified
January 23, 2021 al study

Sallam et al
[37], 2021

Jordan, Kuwait, December 4 to
and Saudi Ara- December 18,
bia
2020
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Cross-section- Not specified
al study

The vaccines are unsafe; Low
effect of the vaccines on
a genetic level; causes
chronic illnesses; may
lead to infertility; can affect their offspring; contains toxic heavy metals
and neurotoxic materials;
it is a part of a secret research

1106 university
students

Cross-section- Facebook, In- 3414 respondents
al study
stagram, Twitter, and WhatsApp

COVID-19 was manLow
made for enforcing vaccinations; COVID-19 vaccinations intends to implant microchips into
people to control them;
COVID-19 vaccination
will lead to infertility
An artificial origin of the Low
virus; the disease was
man-made to enforce
vaccination; microchip
implanting and infertility
claims
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Country

Study period

Study design

Skafle et al
Type of social Social media or
media
population sample

Type of misinformation
reported

Risk of
bias (JBIa)

Sharevski and
Gover [38],
2021

United States

January and
February 2021

Cross-section- Twitter
al quasi-experimental study

304 respondents,
≥18 years

Zhang et al
[39], 2021

China

September 1 to
September 7,
2020

Cross-section- WeChat,
al study
WeChat moments, Weibo,
TikTok

2053 Chinese facto- Negative information
ry workers (fullabout COVID-19 vactime employees)
cines
≥18 years

Zhang et al
[40], 2021

China

September 1 to
September 7,
2020

Cross-section- WeChat,
2053 Chinese paral study
WeChat moents, ≥18 years
ments, Weibo,
TikTok

Negative information
about COVID-19 vaccines

Costantino et al Italy
[41], 2021

December 2020
to March 2021

Cross-section- Not specified
al study

363 adults

Unfavorable information Low
about COVID-19 vaccines

Jennings et al
[42], 2021

Survey: December 12 to December 18, 2020. Focus groups:
November 30 to
December 7,
2020

Cross-sectional qualitative
and quantitative (mixed
method) study

1476 UK adults
Conspiracy theories (not Low
participated in the specified)
survey; 29 adults
in the United
Kingdom participated in the focus
groups

El-Far Cardo et Germany
al [43], 2021

August and
November 2020

Cross-section- Facebook,
al study
Twitter, Telegram

808 persons

Knights et al
[44], 2021

June 18 and
November 30,
2020

Cross-section- Not specified
al qualitative
study

64 primary care
5G conspiracy theory
professionals and
administrative staff
and 17 recently arrived migrants

Berry et al [45], United States
2021

December 30,
2020, to January
15, 2021

Qualitative
observational
study

193 skilled nursing Vaccines cause COVID- Moderate
facility workers
19; microchip; the virus
has been around for a
long time and killed
many people since 1918;
fear of racist motives and
the safety of the vaccines; the vaccines have
fetal cells from abortions

Choudhary et al India
[46], 2021

February 18 to
February 28,
2021

Cross-section- Not specified
al study

United Kingdom

United Kingdom

TikTok, Instagram,
Snapchat,
Twitter; Facebook,
YouTube

Not specified

Exaggeration of rare side Low
effects of COVID-19
vaccines
Low

Low

COVID-19 is not a health Moderate
threat

272 Indian adults,
≥18 years

Moderate

COVID-19 is a conspira- Moderate
cy

JBI: Joanna Briggs Institute.
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Table 2. Studies in which data were collected from social media platforms (n=23).
Study

Country

Study period

Study design

Type of social me- Social Media or
dia
population sample

Type of misinformation Risk of bias
reported
(JBIa)

Chan et al
[47], 2021

The United
Kingdom

December 10, Cross-sectional
YouTube
2020
study (social media data extraction)

48 COVID-19 vac- Misinformation about
cine–related videos COVID-19 vaccines
on YouTube
(not specified). Only 2
(4.2%) videos made
nonfactual claims.

Herrera-Peco
et al [48],
2021

Spain

December 14
to December
28, 2020

Cross-sectional
Twitter
study (social media data extraction)

5040 Twitter users
participated, generating a total of
1,664,261 impressions

Messenger RNA vacLow
cines will produce
changes in human
DNA; government and
pharmaceutical industries are allies; adverse
effects leading to genocide.

Hughes et al
[49], 2021

United
States

October 2020
to November
2020

Cross-sectional
Facebook, Twitter,
study (social me- YouTube, and India data extracstagram
tion and modeling)

Using hashtag and
keyword searchers,
a team of subject
matter experts
identified 20 channels (ie, bounded
sources of content,
such as a social
media account),
which appeared to
contain a high degree of antivaccine
content or COVID
denialism.

Corrupt elites; physical Low
deformities; mental illness; microchips that
violate your autonomy
and privacy; the people
who intentionally created the COVID vaccine
are shadowy and suspicious.

Low

Larrondo-Ure- Spanishta [50], 2021 speaking
countries

December
Cross-sectional
Twitter
2020 and
study (social meFebruary 2021 dia data extraction)

62,045 tweets and
258,843 retweets

Antivaccine discourse
(not specified)

Low

Liu and Liu
[51], 2021

Englishspeaking
countries

November 1
to November
22, 2020

5000 COVID-19
Microchips; alters
vaccine–related
DNA; women become
tweets, which were sterile.
posted by 4796
unique users.

Low

Sobkowicz
and Sobkowicz [52], 2021

United
States and
Poland

March 1, 2021 Cross-sectional
Reddit and Interia
study (social media data extraction)

Reddit and Interia Antivaccination discus- Low
antivaccine groups sions about COVID-19
vaccines.

Guntuku et al
[53], 2021

United
States

December 1,
2020, to
February 28,
2021

Cross-sectional
Twitter
study (social media data extraction)

78.1 million vacEvangelical hubs posted Moderate
cine-related tweets conspiracy theories
about Bill Gates and
China.

HernándezGarcía et al
[54], 2021

Spain

February 9
2021

Cross-sectional
YouTube
study (social media data extraction)

118 YouTube
videos
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study (social media data extraction)

Hoaxes and conspiracy Moderate
theories (not specified).
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Study

Country

Study period

Study design

Islam et al
[55], 2021

Australia

December 31,
2019, to
November 30,
2020

Cross-sectional
Facebook,
study (social me- YouTube, and
dia data extracTwitter
tion)

637 news articles,
social media narratives, web-based
reports, and blogs
spread on social
media

Kwok et al
[56], 2021

Australia

January 22
and October
20, 2020

Cross-sectional
Twitter
study (social media data extraction)

31,100 COVID-19 Conspiracy theories
Moderate
vaccine–related
such as the “mark of the
tweets
beast” and microchips
in vaccines.

Alliheibi et al
[5,8], 2021

Saudi Arabia December 15, Cross-sectional
Twitter
2020, to May study (social me25, 2021
dia data extraction)

37,467 Arabic
COVID-19 vaccination High
tweets from 23,748 is a cover for a plan deusers
vised by Bill Gates to
implant trackable microchips to control people.

Baines et al
[58], 2021

United
States

November 20, Cross-sectional
Parler
2020, to Jan- study (social meuary 6, 2021
dia data extraction)

400 random parleys from a large
sample of 7000
parleys

Basch et al
[59], 2021

United
States

December
2020

100 videos studied 38 videos discouraged High
garnered
the vaccine; 3 videos
35,338,600 views claimed that the vaccine
is a hoax.
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Type of social me- Social Media or
dia
population sample

Cross-sectional
TikTok
study (social media data extraction)

Type of misinformation Risk of bias
reported
(JBIa)
Daughter of the Russian Moderate
president had died after
receiving the second
dose of COVID-19
vaccine; children and
soldiers dying after receiving the vaccine in
multiple countries; conspiracy theory about
Bill Gates; COVID-19
vaccine can monitor the
human population and
take over the world;
COVID-19 vaccines
contain a microchip
through which biometric data could be collected, and large businesses
could send signals to
the chips using 5G networks; crucial phases
of the clinical trials
were skipped; COVID19 vaccine contains
cells from aborted fetus
or genes from pigs.

Sterilization possibili- High
ties for men and women; COVID-19 vaccine
to control the population; Bill Gates and
Anthony Fauci had instigated measures (ie, microchips and enzymes
in the vaccine) to control the population
through the administration of the COVID-19
vaccine; governments
and certain powerful
individuals “planned”
this health crisis to vaccinate children without
parental consent as part
of the new world order
to control future populations.
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Study

Country

Study period

Boucher et al
[60], 2021

Canada

November 19 Cross-sectional
Twitter
and November study (social me26, 2020
dia data extraction)

636,516 English
and French tweets

COVID-19 vaccines are High
poison and the messenger RNA technology
has not been tested yet
and is harmful.

Criss et al
[61], 2021

United
States

October 2020
to January
2021

1110 tweets

Misleading information High
that countered scientific
research about the vaccines; the government
using vaccines to insert
microchips and control
the population; the immune system is stronger
than the vaccines; race
extermination conspiracy that claims that the
vaccine was created to
“kill off [people of color] POC.”

Herrera-Peco
et al [62],
2021

Spain

December 8 to Cross-sectional
Twitter
December 23, study (social me2020
dia data extraction)

6080 Twitter interactions (n=499 of
those are single
tweets)

Deny the existence of
High
the virus; the vaccine
will modify the DNA of
human beings; industry
lobbies to kill older
adults and leave young
adults with Bells syndrome.

Melton et al
[63], 2021

United
States

December 1,
2020, to May
15, 2021

13 Reddit commu- Misinformation about
nities
side effects.

Pascual-Ferrá
et al [64],
2021

United
States

December 29, Cross-sectional
Facebook, Insta2019, to Jan- study (social me- gram, Reddit, and
uary 2, 2021
dia data extracYouTube
tion)

Rotolo et al
[65], 2021

United
States

March 19,
2020, and
June 16, 2021

Savolainen
[66], 2021

Finland

February 2021 Cross-sectional
Reddit, from the
study (social me- subreddit
dia data extracVaxxHappened
tion)

Thelwall et al
[67], 2021

United King- March 10 to
dom
December 5,
2020
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Type of social me- Social Media or
dia
population sample

Cross-sectional
Twitter
study (social media data extraction)

Cross-sectional
Reddit
study (social media data extraction)

Peaks and interactions

Type of misinformation Risk of bias
reported
(JBIa)

Viral video of a nurse
High
fainting after vaccine
uptake. Misinformation
about COVID-19 vaccines (not specified).

Cross-sectional
Facebook, Twitter, Aim: share 49 info- COVID-19 myths.
study (social me- and Instagram
graphics to counter
dia data extracvaccine hesitancy.
tion)

Cross-sectional
Twitter
study (social media data extraction)

40 threads conMisinformation about
tained in total 1877 COVID-19 vaccines
messages
(not specified).
446 COVID-19
vaccine–hesitant
tweets in English

High

High

High

Deep state conspiracy; High
depopulation; microchips; Bill Gates;
fearing that people of
color are at risk for experimentation—motivated by the infamous US
federal government
Tuskegee Syphilis
study ending in 1972
that secretly experimented on poor African
American men.
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Study

Country

Study period

Study design

Type of social me- Social Media or
dia
population sample

Type of misinformation Risk of bias
reported
(JBIa)

Wawrzuta et
al [68], 2021

Poland

November 1,
2020, to May
1, 2021

Cross-sectional
Facebook
study (social media data extraction)

3414 Facebook
comments

Doyno et al
[69], 2021

Unites States January to
April 2021

Quasi-experimen- YouTube, Twitter,
tal study
Facebook, and Instagram

Information cam- Misinformation (not
paign with 79
specified).
COVID-19 vaccine–related videos
in English, Cantonese, Spanish,
Mandarin, and Polish

The vaccine was creat- High
ed only for the profit of
pharmaceutical companies; conspiracy theories, hidden vaccine effects (eg, chips); the
vaccine will be dangerous to health; the vaccine has existed before
the COVID-19 pandemic.
N/Ab

JBI: Joanna Briggs Institute.

b

N/A: not applicable.

Figure 2. Social media platforms.

Thematic Analysis
Figure 3 provides an overview of the 3 overarching themes of
misinformation identified from the thematic analysis, and
examples from the data extraction and codes that laid ground
for the final 3 themes are seen in the inner circles of the figure.
Of the 45 included studies, 18 (40%) studies reported
misinformation across all 3 categories [27-29,35-37,

https://www.jmir.org/2022/8/e37367

XSL• FO
RenderX

45,48,49,51,55,57, 58,60-62,67,68], 9 (20%) studies reported
only on conspiracies [26,30,33,42,44,46,53,54,56], 6 (13%)
studies were concerned specifically with medical misinformation
[25,34,38,43,63,64], and 12 (27%) studies reported on
COVID-19 vaccine misinformation or antivaccine discourse
without
going
into
further
detail
[31,35,39-41,47,52,59,65,66,69].
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Figure 3. Types of misinformation about the COVID-19 vaccine on social media platforms.

Effects of Social Media Misinformation
We identified 19 studies that made assumptions regarding the
effects of social media misinformation on vaccine hesitancy
(Table 3). The evaluation of the certainty of evidence of these
19 studies that measured the “Association between social media
misinformation and COVID-19 vaccine hesitancy” was
classified as moderate or low to moderate according to GRADE
in 2 cases [38,65]. For the rest of the studies, the certainty of
evidence according to GRADE was considered low or very low.
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The 2 studies with a higher certainty of evidence had an
experimental design. Rotolo et al [65] aimed to develop and
distribute infographics that addressed COVID-19 vaccine
hesitancy and misinformation. Although their infographics
reached thousands of people, they were unable to determine the
impact on vaccine hesitancy. Sharevski and Gover [38] analyzed
the perceived accuracy of COVID-19 vaccine–related tweets
when they were moderated by smart device technology that
Twitter applies to COVID-19 misinformation. The results from
the 304 participants suggested that vaccine-hesitant users
ignored warnings as long as the tweets aligned with their
personal beliefs.
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Table 3. Studies in which the effect of social media misinformation is measured or discussed (n=19).
Study

Reported effect of misinformation

Certainty of evidence (GRADEa)

Sharevski and Gover
[38], 2021

Amazon Alexa was not able to dispel any biases that were rooted in personal beliefs. One’s hesitancy Moderate
from COVID-19 vaccination sufficed for biased perception of the information from Alexa despite
any labeling as long as the tweets echoed their skeptical outlook on the whole COVID-19 vaccination
effort.

Rotolo et al [65], 2021

Each infographic reached thousands to tens of thousands of people. We do not know whether those Low to moderate
who viewed these infographics changed their perspective on vaccination, so we are unable to conclude
their impact on vaccine hesitancy based on this study alone.

Allington et al [26],
2021

Informational reliance on all social media platforms was positively correlated with vaccine hesitancy; Low

Bhagianadh and Arora
[28], 2021

Those depending on social media as the main source of information on COVID-19 expressed higher Low

Boucher et al [60],
2021

The study showed 2 clusters opposite to these vaccine acceptant clusters exhibiting more vaccineLow
hesitant narratives. There were 23.4% (n=146,191) of conversations on Twitter during this period of
observation that can be directly attributed to vaccine hesitancy.

Chadwick et al [30],
2021

Combinations of news avoidance and high levels of the news-finds-me attitude and social media de- Low
pendence and high levels of conspiracy mentality are most likely to be associated with web-based
discouragement of vaccination.

Jennings et al [42],
2021

Holding conspiracy beliefs is a significant predictor of vaccine hesitancy. In the bivariate analysis,
there is some support for a relationship between social media use (Snapchat, TikTok, YouTube, and
Instagram) and increased vaccine hesitancy. YouTube users were significantly less willing to be
vaccinated, with a two-thirds likelihood of vaccine willingness compared with nonusers.

Liu and Liu [51], 2021

279 tweets stated their behavioral intentions. A total of 97 tweets were labeled with positive behavioral Low
intentions, while 182 tweets contained negative behavioral intentions.

Park et al [34], 2021

The study found that social media dependence and high levels of conspiracy mentality were most
Low
likely to be associated with web-based discouragement of vaccination. The likelihood of COVID-19
vaccine uptake was significantly lower among those relying on social media (OR 0.40, 95% CI 0.250.65)

Zhang et al [39], 2021

Regarding social media influence, higher frequency of exposure to positive information related to
COVID-19 vaccination was associated with a higher intention to receive a COVID-19 vaccination

this correlation was strongest concerning Facebook and YouTube (RSb=0.15 and RS=0.18, respectively). Coronavirus conspiracy suspicions and general vaccine attitudes appear uniquely predictive,
jointly explaining 35% of variance.
negative vaccine intent (ORc 3.36, 95% CI 1.44-7.82). Among those who expressed a negative vaccine
intent, 40% (n=298) expressed no trust in government, and 10% (n=74) said that the vaccines cause
COVID-19.

Low

Low

at market rate (AORd 1.53, 95% CI 1.39-1.70) or a free vaccination (AOR 1.52, 95% CI 1.35-1.71).
Zhang et al [40], 2021

Higher exposure to positive information related to COVID-19 vaccination on social media was asso- Low
ciated with higher parental acceptability of COVID-19 vaccination (AOR 1.35, 95% CI 1.17-1.56).
Higher exposure to negative information related to COVID-19 vaccination was negatively associated
with the dependent variable (AOR 0.85, 95% CI 0.74-0.99).

Aloweidi et al [27],
2021

The effect of social media (OR 1.21, 95% CI 1.04-1.41; P=.01) was significantly associated with the Very low to low
willingness to take COVID-19 vaccine. Circulated information about COVID-19 vaccines on social
media platforms that they believed in: it is unsafe (n=283, 43.8%); effect of the vaccines on a genetic
level (n=87, 13.5%); causes chronic illnesses (n=60, 9.3%); may lead to infertility (n=43, 6.7%); can
affect their offspring (n=56, 8.7%); toxic heavy metals and neurotoxic materials (n=47, 7.3%); it is
a part of a secret research (n=101, 15.6%)

Brodziak et al [29],
2021

A total of 432 (68%) used social media every day. Unwilling to vaccinate against COVID-19: social Very low to low
media as a source of information about vaccinations (OR 1.42, 95% CI 0.72-2.80). Not a significant
predictor; attitudes toward COVID-19 vaccines: afraid of the vaccine’s side effects (n=284, 44.7%);
afraid of the composition of the vaccine (n=239, 37.6%); contains bodies of aborted children (n=49,
7.7%); COVID-19 does not exist (n=42, 6.6%)

Ebrahimi et al [31],
2021

Individuals with a preference for social media platforms as compared with those preferring source- Very low to low
verified media platforms had a near 2-fold (ie, 1.64) odds of being hesitant toward vaccination. Belief
in superiority of natural immunity: OR 2.663, 95% CI 2.350-3.028; P<.001

El-Far Cardo et al [43], Factors that were negatively associated to get vaccinated were using social media in general as an
Very low to low
2020
information source about COVID-19 (P=.01) and the use of Facebook (P=.05) or Telegram (P=.05).
However, using Twitter was not significantly associated with adverse vaccination intentions (P=.56).
Believing that COVID-19 is not dangerous was associated with unwillingness to get vaccinated.
https://www.jmir.org/2022/8/e37367

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37367 | p.1119
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Study

Skafle et al

Reported effect of misinformation

Certainty of evidence (GRADEa)

Petravić et al [35], 2021 Those who trusted alternative media sources (alternative explanations on social media) and had a
distrust of the government were more vaccine hesitant.
Sallam et al [36], 2021

Very low to low

The lowest rate of intention to get the vaccine was among those who depended on social media plat- Very low to low
forms (19.8%) compared with dependence on medical doctors, scientists, and scientific journals
(47.2%, P<.001). Conspiracy beliefs were evaluated using the validated VCBSe, with higher scores
implying embrace of conspiracies. A significantly higher VCBS score was correlated with reluctance
to get the vaccine (P<.001).

a

Costantino et al [41],
2014

A total of 71.4% (n=60) responded that unfavorable information about COVID-19 vaccines obtained Very low
from the internet, social media, or media was associated with the decision to not take the vaccine.

Karabela et al [33],
2021

Although the correlation was not significant, of the participants, those who considered having vacci- Very low
nation mostly trusted YouTube as their source of information. In contrast, the participants who stated
that they would have the COVID-19 vaccine did not trust social media sites such as Facebook,
Twitter, and Instagram (P<.005). There was a positive and low-level relationship between attitudes
toward COVID-19 vaccines and conspiracy theories (r=0.214).

GRADE: Grading of Recommendations Assessment, Development and Evaluation.

b

RS: Spearman Rank Correlation Coefficient.

c

OR: odds ratio.

d

AOR: adjusted odds ratio.

e

VCBS: Vaccine Conspiracy Belief Scale.

Allington et al [26] analyzed findings from a web-based survey
conducted with a sample of 4343 adults in the United Kingdom.
They found a positive correlation between trust in social media
and vaccine hesitancy and the strongest link was found for
YouTube and Facebook. Conspiracy suspicions about
COVID-19 and general vaccine attitudes appeared to be
uniquely predictive, jointly explaining 35% of the variance.
Boucher et al [60] analyzed 636,516 English and French tweets.
A total of 23.4% (n=146,191) of the conversations on Twitter
during the study period could be directly attributed to vaccine
hesitancy. A British study by Liu and Liu [30] of 5114 adults
found that social media dependence and high levels of
conspiracy mentality were most likely to be associated with
web-based discouragement of vaccination. In a study of 4571
Norwegian adults, individuals who preferred social media
platforms had nearly 2-fold (ie, 1.64) odds of being hesitant
toward COVID-19 vaccination compared with those preferring
source-verified media platforms [31]. In addition, those who
held the belief of the superiority of natural immunity over
vaccination were more vaccine hesitant (odds ratio 2.663, 95%
CI 2.350-3.028; P<.001). Petravić et al [35] asked 12,042
Slovenian residents about their attitudes toward COVID-19
vaccines. Those who trusted alternative media sources and
alternative explanations on social media were more vaccine
hesitant. A total of 11 studies [27-29,33,34,36,39-43] discussed
social media misinformation, vaccine uptake, and vaccine
intentions.

Discussion
Principal Findings
The 45 included studies about misinformation on social media
platforms about COVID-19 vaccines suggest that there should
be great concern about the volume of misinformation being
spread, and the association between COVID-19 vaccine
misinformation and vaccine hesitancy. To our knowledge, this
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is the first review to analyze social media misinformation about
COVID-19 vaccines. We identified 3 overall categories of
misinformation, namely, medical misinformation, conspiracies,
and distrust in vaccine development; however, the 3 categories
are connected and sometimes overlapping, as distrust in vaccine
development might be founded in conspiratorial beliefs about
hidden power structures and corrupt elites. The included studies
were predominantly from Europe and the United States, and
therefore, there is a lack of information, especially from African
and South American countries. Twitter was the most studied
platform, with Facebook and YouTube being in the second and
third place, respectively.
Fear of side effects is a major concern when it comes to vaccine
hesitancy, and as this review shows, this concern can easily turn
into medical misinformation and exaggerations of side effects.
To synthesize what is known about social media misinformation
about COVID-19 vaccines from the included studies, a thematic
analysis was undertaken. The coded extract of data that made
up the theme medical misinformation contained misinformation
about side effects such as infertility, chronic illness, changes in
DNA, physical deformities, and mental illness. Only one study
mentioned autism as an adverse side effect of COVID-19
vaccines [63]. Knowing that the side effects of the vaccines are
a major concern [5], medical misinformation has the potential
to do a lot of harm.
When we examined the types of reported misinformation, we
also found that a lot of misinformation is grounded in conspiracy
theories. Some of these conspiracy theories have become
infamous, such as the belief that there are secret societies and
hidden power structures run by corrupt elites. These elites are
believed to be networking with big pharmaceutical companies
to make money or to depopulate the world. There are also
conspiracy theories about racially motivated depopulation. For
example, we found 3 studies from the United States that
mentioned the fear of racist motives by official health authorities
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as a reason for vaccine hesitancy [45,61,67]. Some of this fear
has historical roots in the United States, as one of these studies
[67], for instance, brought up the Tuskegee Syphilis study. This
was a clinical study (1932-1972) in which the United States
Public Health Service used African Americans to observe
untreated syphilis and therefore denied them treatment [71].
This exemplifies that a lack of trust in public health institutions
might have deep historical roots in some countries and cultures.
Other issues to be aware of are religious concerns and vaccine
hesitancy. We found several studies that reported on
misinformation about the content and development of vaccines
and in some studies [29,45,55], we found very explicit language
(eg, “pigs” and “cells from aborted children”). Such wording
can cause worry in some religious communities.
The second objective of this review was to examine the effects
of social media misinformation about COVID-19 vaccines. The
19 studies identified in Table 3 interpreted the results as
associations among social media use, misinformation, and
vaccine hesitancy. According to the JBI and GRADE
evaluations, there is a need for more robust designs to become
more certain regarding the actual effect of social media
misinformation on vaccine hesitancy. Only 1 study, an
intervention study regarding the impact of addressing
misinformation on Twitter users, was assessed to have a low
risk of bias and moderate quality of evidence [38]. In addition,
4 studies reported significance levels of associations, but the
effect size was not reported [31,32,35,50]. Other studies in this
review showed that social media platforms did not necessarily
spread misinformation to a great extent, perhaps reflecting that
the effort made by some social media platforms to halt
misinformation has worked. Chan et al [47] examined 48
COVID-19 vaccine–related videos on YouTube in December
2020 and found only 2 videos (4.2%) that made nonfactual
claims. Hernández-García et al [54] also examined YouTube
videos during February 2021 and found that only 2 out of 110
videos contained COVID-19 vaccine hoaxes or conspiracy
theories. Pascual-Ferrá et al [64] examined social media data
from Facebook, Instagram, Reddit, and YouTube and did not
find evidence of the dominance of misinformation. However,
what is being spread and discussed in closed groups is another
question that needs to be examined further. Another valid
approach would also be to examine comment sections. Although
antivaccine content has been prevented from surfacing in
searches, this does not prevent people from commenting about
their beliefs or posting other types of information in the
comment section. It is controversial to deplatform people [72]
and might even do harm, as these people might be seen as
someone speaking against the establishment, which are, in
essence, some of the core beliefs of some conspiracy theorists.
Surprisingly, there was a dearth of studies examining
misinformation about autism and COVID-19 vaccines.
Considering the history of misinformation about vaccines and
autism over the past 2 decades, more research should focus on
this topic. One could also speculate whether this would have
played out differently if COVID-19 vaccines were more targeted
toward younger children. Future research should also aim to
examine social media platforms such as TikTok, which is a very
popular platform worldwide, and is often used by people who
https://www.jmir.org/2022/8/e37367
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are younger than, for instance, the average Twitter user [73].
The low inclusion of some social media platforms such as
TikTok or Telegram is a limitation, as certain parts of the
population and particular communities are not included.
When addressing vaccine hesitancy, one should be careful before
labeling all vaccine-hesitant people as antivaxxers or
misinformed people. The primary concerns from people who
say that they are vaccine hesitant are the safety of the vaccines
and the rapid pace of their development [7]. However, being
hesitant and skeptical does not mean that these people are
unwilling to take the vaccines but rather that they have some
concerns that should be adequately addressed to convince them
of the safety and efficacy of the vaccines. To understand a
complex issue such as vaccine hesitancy, knowledge about
sociodemographic conditions and cultural awareness is key. In
addition, countries with a more undemocratic regime will suffer
from a lack of trust in official authorities, which may damage
an official vaccine campaign. People’s trust in the government
varies between countries and cultures. Although some countries
have a tradition for mandatory vaccination, this is less acceptable
in other countries.
The issue of trust is also an important issue to be considered.
“Fake news” became a buzzword in the last decade and the term
was used not only to actually coin false news but also to spread
distrust to news agencies and official actors, accusing them of
spreading falsehoods. Vosoughi et al [74] aimed to understand
how false news spread and examined a set of rumors
(n=126,000) spread by 3 million people on Twitter from 2006
to 2017. The results showed that false news spread much faster
and reached a larger audience than real news. Social media has
contributed to a far more complex information landscape than
before and has created new challenges when it comes to building
trust in official actors. These are issues that need to be addressed
and analyzed in future studies of misinformation about vaccines.

Limitations
We did not include gray literature or preprints in this review.
The rapid pace at which the pandemic is moving makes preprint
research particularly relevant. However, although peer review
is not a guarantee of quality, we decided not to include gray
literature or preprints and limited eligible articles to
peer-reviewed manuscripts. We did not contact researchers with
potential projects on this subject matter. Furthermore, the
searched databases were selected based on the topic at hand.
There will always be a chance that other, more specified or
general databases would capture other studies.
A limitation of the evidence included in this review is that, in
our assessment, all but one received a low score on the
assessment of quality of evidence. However, it is a challenge
in the process of assessing quality of evidence and risk of bias,
that the included studies have a range of different designs, each
with its strengths and weaknesses. We applied 2 tools in this
regard: 1 from the JBI [24] and 1 from the GRADE Working
Group [70]. Neither tool provides a complete picture of the
included studies, but they may help the reader in obtaining a
broader view of the included studies.
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Furthermore, there is a poor correlation between self-reported
social media use and actual use [75]. A high proportion of these
studies extracted data from Twitter because Twitter has opened
up access for researchers to extract data from its platform,
making it more accessible compared with other social media
platforms. The Twitter sample may not be representative of a
random sample of the population, as its users tend to range in
age from 25 to 34 years and are predominantly from the United
States [76,77]. Furthermore, we did not assess the potential
presence of social media bots (automated accounts) spreading
incorrect information in these studies. We also did not discuss
how social media algorithms partake in creating echo chambers
[78]. These are well-known challenges in researching data
gathered from social media [79]. Only 1 study included in this
review was from an African country [32]. The study was from
Uganda and included 600 participants. There were no studies
from Middle or South American countries or Pacific Island
countries and Australia. The studies included in this review
focused mostly on high-income countries, thus making the
conclusions and generalizations weaker in terms of applying
them to Global South nations.

Conclusions
This review suggests that there should be great concern about
the volume of misinformation being spread and the association
between COVID-19 vaccine misinformation and vaccine
hesitancy. Many studies have shown that there is a link between
misinformation on social media and COVID-19 vaccine
hesitancy. However, there is a need to examine this effect using
a more robust experimental design to assess this effect. It is
possible to conduct more experimental studies in an ethical
manner in a laboratory setting; for instance, a study to see

Skafle et al
whether people are able to distinguish between false and true
information and how they do so. Such a study would, of course,
have to be based on informed consent and be approved by an
ethics committee. It is also possible to improve observational
studies that extract data from social media by gathering more
representative data (eg, including data from several social media
platforms, different audiences, several languages, and covering
longer periods). There are many types of misinformation that
are spread on social media platforms, and to prevent these myths
from taking hold, health authorities should openly address and
discuss these false claims with both cultural and religious
awareness in mind. This review showed that a greater variation
in studies is needed when it comes to both social media
platforms and geographic location. We only found one study
that mentioned misinformation about autism and COVID-19
vaccines, but taking the history of autism and the antivaxx
community into account, we believe that this an issue that should
be given attention in future research.
Although some major tech companies have taken steps to
prevent misinformation, more action is needed to stop this
infodemic. One valid approach proposed for infodemic
management is first information monitoring (infoveillance);
second, to enhance and build eHealth literacy and science
literacy capacity; third, to encourage quality improvement
processes such as fact-checking and peer review; and finally,
to encourage accurate and timely knowledge translation [80].
Misinformation about COVID-19 vaccines is still thriving on
social media platforms. However, this undertaking represents
a balance between people’s right to speak their minds and
strategies to counter the spread of misinformation.
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Abstract
Background: Social media has changed the way we live and communicate, as well as offering unprecedented opportunities to
improve many aspects of our lives, including health promotion and disease prevention. However, there is also a darker side to
social media that is not always as evident as its possible benefits. In fact, social media has also opened the door to new social and
health risks that are linked to health misinformation.
Objective: This study aimed to study the role of social media bots during the COVID-19 outbreak.
Methods: The Twitter streaming API was used to collect tweets regarding COVID-19 during the early stages of the outbreak.
The Botometer tool was then used to obtain the likelihood of whether each account is a bot or not. Bot classification and
topic-modeling techniques were used to interpret the Twitter conversation. Finally, the sentiment associated with the tweets was
compared depending on the source of the tweet.
Results: Regarding the conversation topics, there were notable differences between the different accounts. The content of nonbot
accounts was associated with the evolution of the pandemic, support, and advice. On the other hand, in the case of self-declared
bots, the content consisted mainly of news, such as the existence of diagnostic tests, the evolution of the pandemic, and scientific
findings. Finally, in the case of bots, the content was mostly political. Above all, there was a general overriding tone of criticism
and disagreement. In relation to the sentiment analysis, the main differences were associated with the tone of the conversation.
In the case of self-declared bots, this tended to be neutral, whereas the conversation of normal users scored positively. In contrast,
bots tended to score negatively.
Conclusions: By classifying the accounts according to their likelihood of being bots and performing topic modeling, we were
able to segment the Twitter conversation regarding COVID-19. Bot accounts tended to criticize the measures imposed to curb
the pandemic, express disagreement with politicians, or question the veracity of the information shared on social media.
(J Med Internet Res 2022;24(8):e36085) doi:10.2196/36085
KEYWORDS
infodemics; social media; misinformation; epidemics; outbreaks; COVID-19; infodemiology; health promotion; pandemic;
chatbot; social media bot; Twitter stream; Botometer; peer support

Introduction
Social media has radically changed the way we live and
communicate. These new communication platforms offer
unprecedented opportunities to improve many aspects of our
lives, including public health [1,2]. They are useful to improving
https://www.jmir.org/2022/8/e36085
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our access to evidence-based health information that can be
fundamental to promoting healthy habits and fostering risk
prevention [2]. In addition, the progressive growth of web-based,
health-related knowledge and content has been found to be
useful for patients who need to acquire medical skills and
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enhance their self-efficacy for adherence to treatments or
therapies as well as for disease prevention [3].
Nevertheless, social media has also opened the door to new
social and health risks [4,5]. Policies to mitigate misinformation
and false health rumors are becoming increasingly common. In
fact, some of the most widespread social media platforms such
as Facebook, Instagram, and Twitter have implemented policies
to combat the spread of misinformation regarding the COVID-19
pandemic. However, the web-based ecosystem is still overrun
with health myths, hoaxes, and fake news stories that—either
consciously or unconsciously—are propagated by social media
users for different purposes. These messages can lead to attitude
and behavior changes that may result in inadequate health
decisions [6,7]. The effect of health misinformation has also
been found to be determinant in health decision-making during
risky situations and outbreaks such as the H5N1, Ebola, and
Zika [5] viruses and the more recent COVID-19 pandemic [8,9].
Misleading messages have even hampered public health actions
taken to tackle outbreaks [10-12]. For instance, in the context
of the COVID-19 pandemic, misleading information has been
detected regarding the origin of the virus, the potential
treatments and protective measures available, and the real impact
of the disease [13]. In one sample of tweets relating to
COVID-19, 24.8% of the tweets included misinformation and
17.4% included unverifiable information [13]. Recently, much
of the misinformation during the pandemic has focused on the
debate regarding the vaccination process and the subsequent
doubts the new vaccines have raised among the population [14].
Therefore, the role of social media during the COVID-19
pandemic has been critical. Although these new platforms have
been useful to keep the public informed during the most critical
moments of the pandemic, the responses by health authorities
to combat the outbreak have been followed by a massive
“infodemic,” recently defined as “an overabundance of
information—some accurate and some not—that makes it hard
for people to find trustworthy sources and reliable guidance
when they need it” [15]. Information consumption, opinion
formation, and social contagion processes relating to COVID-19
across the social media ecosystem have become a major
challenge for researchers [16], since these processes can strongly
affect people’s behavior and reduce the effectiveness of the
countermeasures implemented by governments and health
organizations [17].
Recently, misinformation dynamics have increased their
complexity due to the emergence of so-called “social bots” (ie,
automated web-based accounts). The role of social bots in the
spread of misinformation on social media platforms has been
widely recognized during political campaigns and election
periods [18] and in relation to health debates, especially during
health crises [19]. Regarding health communication on social
media platforms, some studies have found that social bots are
used to promote certain products to increase company profits
and favor certain ideological positions [20] or contradict health
evidence [21,22]. Bots have certain behavioral characteristics
that make them potential super-spreaders of misinformation
(eg, excessive posting and frequent retweeting of emerging
news and tagging and mentions of influential topics or relevant
figures) [20,23,24]. These accounts often use amplification as
https://www.jmir.org/2022/8/e36085
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a strategy for the dissemination of content that misinforms based
on the interests of the creators of these automatic accounts [25],
although they are also often used as a tool to generate
disagreement and social polarization [22].
The activity of social bots has dramatically increased in the
context of the COVID-19 infodemic [25] due to their
participation in the debate on the health measures to control the
pandemic and the vaccines that have emerged during this period
[26]. To date, it has been established that the progressive
proliferation of social bots (and particularly unverified accounts)
in the complex social media ecosystem may contribute to the
increased spread of COVID-19 misinformation and the
subsequent evolution of the pandemic, either by amplifying
messages of dubious quality or generating polarization in
relation to controversial issues [25]. However, a better
understanding is needed on the role of these bots in the
COVID-19 infodemic [27]. In an attempt to fill this knowledge
gap, this study aimed to explore the role of social bots during
the early stages of the COVID-19 pandemic. Our objective was
to answer 3 basic questions: (1) What were the main
conversation topics during the outbreak of COVID-19 on
Twitter? (2) How do these topics vary depending on the
information source (nonbots, bots, or self-declared bots)? and
(3) How does the general tone of the conversation vary
depending on the source?

Methods
Data Collection
Data collection started on March 16 and ended on June 15, 2020,
using the Twitter streaming API with the following hashtags:
covid_19, covid19, covid, and coronavirus. These hashtags were
used during this period to capture the conversation during the
first wave of COVID-19. To simplify the subsequent analysis,
only tweets written in the English language were selected. The
resulting data sample contained approximately 14 million tweets
from about 285,000 different Twitter accounts.

Bot Classification
We used Botometer (formerly BotOrNot; OSoMe project) [28]
to obtain the likelihood of whether each account is a bot or not.
Botometer is a publicly available service that leverages more
than 1000 features to evaluate the extent to which a Twitter
account exhibits similarity to the known characteristics of social
bots. As in other studies [29,30], 0.8 is the score used to classify
an account as a bot. In addition, the percentage of bot accounts
in benchmark studies is between 9% to 15% of the total number
of accounts on Twitter [31]. In our case, this score classified
approximately 14% of the accounts as bots.
In addition to the overall likelihood of being a bot, Botometer
also gives specific scores for 6 different bot types: echo
chamber, fake follower, financial, self-declared, spammer, and
other. Given the differing nature of social bots, it was considered
necessary to draw a distinction between self-declared bots and
other types of bots. Self-declared bots are extracted from
Botwiki [28,32].
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Topic Modeling
Finally, together with the bot classification, we also applied
topic-modeling techniques. This unsupervised classification
approach allows the classification of texts, using techniques
such as clustering to find groups of texts with similar content.
In this case, we used latent dirichlet allocation (LDA), a popular
topic-modeling technique which considers each document as a
random mixture of various topics and each topic as a mixture
of words [33].
To correctly interpret the results, we considered the distribution
of the topics within the corpus, the keywords of each of the
topics, and the intertopic distance [34]. Based on this, the most
common topics of the different documents in the corpus were
extracted. For each topic, we obtained the most relevant words
and the 50 most characteristic tweets according to the model.
We then carried out an inductive qualitative process to
characterize each topic, followed by a descriptive process to
codify the information [35]. Discrepancies were shared and
resolved by mutual agreement. We also analyzed the distribution
of the different types of accounts in the topics. This approach
allowed us to determine the main conversation topics [36] and
the most common ones for each type of account.
In addition, we plotted an intertopic distance map [34] to
visualize the topics in a 2D space. The area of the topic circles
is proportional to the number of tokens (ie, single words) that
belong to each topic across the dictionary. The circles were
plotted using a multidimensional scaling algorithm based on
the words they comprise, with the topics that are closer together
having more words in common.

Sentiment Analysis
For each of the groups, we used sentiment analysis to examine
the tone or sentiment associated with the content. Sentiment
analysis is an area of knowledge in the field of natural language
processing, text analysis, and computational linguistics used to
identify and extract subjective information from resources. In
the case of text mining, sentiment analysis involves
automatically mass-classifying documents based on the positive
or negative connotation of the language in the document [37].
For the sentiment extraction, we used Valence Aware Dictionary
and Sentiment Reasoner (VADER), a rule-based tool specifically
attuned to sentiments expressed on social media platforms [38].
VADER uses a combination of sentiments associated with
lexicons that are generally labeled according to their semantic
orientation as positive or negative. Unlike other text analysis
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tools, VADER works well on texts extracted from social media
platforms, because it does not need as much text as other tools
[39-41].
Another feature of this method is the output value. Most
sentiment analyses classify texts as positive, negative, and
neutral; for example, texts with a predominance of words,
expressions, or ways of writing perceived as positive are
classified as positive. However, the method used here returns
a sentiment score between –1 and 1, allowing a higher level of
comparison between the different types of accounts.

Results
Bot Classification
Table 1 shows the resulting classification. If the probability of
an account being a bot is lower than 0.8, we considered it as a
normal user (ie, nonbot). If the probability of an account being
a self-declared bot is higher of 0.8, we classified it as a
self-declared bot. Accounts with the probability of being a bot
higher than 0.8 and the probability of being a self-declared bot
lower than 0.8 were classified as bots. Of the 205,298 accounts,
most (n=187,992, 91.6%) were normal users; 4.2% (n=8616)
were classified with a high likelihood of being bot accounts;
and 4.2% (n=8690) were classified as self-declared bots. Bot
accounts posted an average of 123.3 tweets per user. During
the 3-month time window, accounts classified as self-declared
bots posted a slightly lower average of 121.1 tweets per user.
However, accounts classified as having a low likelihood of
being bots posted 42.5 tweets per user. These differences
between the mean values were statistically significant
(F2,284,814=1056; P<.001). As also noted in Broniatowski et al
[22], the most active accounts on average were those classified
as bots.
Not all groups contributed to the same extent. Likewise, the
contribution of the participants in the global discussion was
highly unequal. The Gini index was used to measure this
inequality. This index is a measure of the distribution, with a
higher Gini index indicating greater inequality. Figure 1 shows
these distributions, with a Gini index of 0.786 for self-declared
bots, 0.744 for nonbots, and 0.686 for bots. Self-declared bots
had the most unequal distribution: 75% (6517/8690) of
self-declared bots posted 12.5% (131,559/1,052,471) of the
total number of tweets. In contrast, 75% (6462/8616) of the bot
accounts posted 25% (265,499/1,061,997) of the total tweets.

Table 1. Distribution of bot classification.
Source

Account (N=205,298), n (%)

Tweet (N=10,098,455)
n (%)

Mean

Median

Nonbot

187,992 (91.6)

7,983,987 (79.1)

42.5

9.0

Bot

8616 (4.2)

1,061,997 (10.5)

123.3

35.5

Self-declared bot

8690 (4.2)

1,052,471 (10.4)

121.1

15.0
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Figure 1. Lorenz curve showing inequality in the number of tweets.

In the case of self-declared bots, the most active accounts spread
official data (the number of COVID-19 cases and mortality,
etc). Second, several of these accounts were digital magazines
or independent news agencies. The descriptions of these
accounts mentioned that they created messages to provide
periodic reports on the situation and communicate the global
evolution of COVID-19 or substantial changes in the evolution
of the pandemic. Many of these accounts indicated that their
purpose was informative. Given this situation, these profiles
were separated from those classified as regular bots in the
analysis.
The descriptions of the accounts classified as bots were very
different from each other. Many accounts identified themselves
with technology companies. Others identified themselves as
activists, either political, environmental, or even military. These
accounts tweeted about the pandemic, the political measures
taken, or complaints about the situation resulting from inaction.

Topic Modeling
After classifying the accounts, the topics were extracted using
LDA. To select the correct number of topics, we relied on the
coefficient of variation, which measures the coherence between
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the topics inferred by a model. In other words, the coefficient
indicates which combination of topics is the most coherent.
Higher values indicate that the topics are semantically
interpretable. Topic coherence measures score a single topic by
measuring the degree of semantic similarity between
high-scoring words in the topic. This concept brings together
several measures to assess the coherence between the topics.
To choose the number of topics, the LDA model was reapplied
with different outputs, and those with the highest coefficient of
variation were selected (Multimedia Appendix 1). In total, 18
topics were extracted and plotted using the intertopic distance
map.
In the intertopic distance map below (Figure 2), each bubble
represents a topic. Each topic was assigned a number depending
on the number of tweets inside it. Accordingly, Topic 1 had a
higher percentage of tokens than Topic 2 and so on. The larger
the bubble, the higher the number of tokens classified in this
topic. The further the topics are away from each other, the more
different they are. Therefore, there are not many differences
between 2 nearby topics. On the contrary, there are greater
differences if they are further apart.
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Figure 2. Intertopic distance map. PC: principal component.

We also plotted the most common terms in a bar chart (Figure
3). The terms were sorted according to the number of times they
appear. The colored bars show the estimated number of times
a term is in each topic. The grey bars represent the overall
frequency of each term in the corpus. When interpreting the
results, it is not only necessary to consider the most common
terms but also the most salient terms. Saliency is the product
of weighting the probability of a word, P(w), by its
distinctiveness, a measure of how informative the specific term
is to determine the generative topic. Saliency is therefore a
measure of the degree to which the word appears a small number
of times or not at all in other topics [36].
We then carried out the qualitative phase, with both authors
agreeing in 89% (16/18) of the cases. Table 2 shows the results
obtained in the classification.
In Figure 4, each line is a topic, and each dot represents the
percentage of accounts in each topic. Topic 1 contained tweets
with information on the outbreak. The messages were focused
on providing information about the advance of the pandemic
and what actions need to be taken to stop it. The most common
words were stay, home, and family. Other tweets shared this
kind of information but for specific regions. For example, Topic
9 was focused on regions in Africa, and Topic 13 was focused
on the lockdown in India.
These 2 topics have the most substantial differences between
self-declared bots and the rest of the accounts. Topic 9
accumulated the highest percentage (1581/8690, 18.2%) of
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self-declared bot accounts, compared to bots (896/8616, 10.4%)
and nonbots (20,115/187,992, 10.7%). Likewise, the percentage
of self-declared bots in Topic 13 is 5.7% (495/8690), whereas
the percentage for bots is 3.4% (293/8616) and 3.8%
(7144/187,992) for nonbots.
Topic 2 contained information about the evolution of the
pandemic. This topic was focused on the second wave and
information on the number of deaths. The most common
keywords were case, death, report, and total. In the following
topics, the model groups’ contents were related to specific
measures to curb the pandemic. Topic 3 mentioned the lack of
testing. Some topics reminded people to stay at home (Topic
4), of the importance of wearing a face mask (Topic 11), or of
washing one’s hands (Topic 12).
Other messages were related to US politics or President Trump.
Most of the tweets in Topic 17 were about decisions by the US
Congress. Topic 18 mentioned certain national political scandals.
Topic 8 was focused on criticizing President Trump’s policies.
These tweets cast President Trump as a liar and irresponsible.
Some of the most common keywords were president, Trump,
China, virus, year, and world. This topic had the biggest
difference between the percentage of bots and the rest of the
accounts. In Topic 16, most of the tweets mentioned the lack
of honesty of the US President. There were also complaints
about the need to share true information and disregard rumors
(Topic 15). In these last 2 topics, the percentage of bot accounts
was slightly higher than the rest of the accounts.
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Figure 3. Word distribution along with topics.
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Table 2. Main idea for each topic.
ID

Topic

1

News about coronavirus

2

Second wave and vaccines

3

Complaints about lack of COVID-19 testing

4

Stay home

5

China and its relationship with the virus

6

Respect health care workers

7

Financial aid and charity during the pandemic

8

Trump and the pandemic

9

Reporting positive cases in Maharashtra and Africa

10

Pointing out that COVID-19 is different from influenza

11

Wearing face masks

12

Tips to prevent spreading COVID-19

13

Lockdown in India

14

Death of a famous person

15

Calls for real leadership

16

A call for honesty

17

Decisions in the US Congress

18

A national scandal

Figure 4. Account distribution within topics.

Sentiment Analysis

to values of 0. On the other hand, accounts classified as bots
scored negatively.

The mean value of the VADER score for each group was 0.0109
(SD 0.414) for nonbots, 0.00784 (SD 0.383) for self-declared
bots, and –0.0155 (SD 0.427) for bots. An ANOVA test was
used to check for statistically significant differences in the mean
values of the groups (F2,284,814=5216; P<.001). Figure 5 shows
the evolution of the average scores over the period. The mean
value was almost always lower in the case of bots, indicating a
greater presence of words associated with negative feelings in
this group. Accounts classified as self-declared bots were closer

These differences in sentiment between nonbots, self-declared
bots, and undeclared bots are better understood if we consider
the different topics that made up these conversations. Although
most of the tweets posted by nonbots were focused on sharing
the situation people were experiencing due to the outbreak,
self-declared bots tended to inform and post news on the
outbreak all over the world, and undeclared bots were generally
focused on criticizing political measures, interpersonal blame
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between senators or governors, and criticism directed at
governments or political leaders in relation to the
mismanagement of the health crisis. At this point in the analysis,
it seemed more likely that undeclared bots spread messages of

Suarez-Lledo & Alvarez-Galvez
disagreement, criticism, and complaints regarding the political
and health authorities in view of the difficulties to adequately
control the pandemic.

Figure 5. Mean value for Valence Aware Dictionary and Sentiment Reasoner (VADER) sentiment analysis.

Discussion
Principal Findings
This study has allowed an assessment of the role of social bots
on Twitter during the early stages of the COVID-19 pandemic.
There were consistent differences between the different account
types identified (self-declared bots, undeclared bots, and
nonbots). Although the percentage of undeclared bots on Twitter
is relatively low compared to the large number of human users,
it has been established that bots are generally linked to
web-based conversations characterized by controversy and
polarization. In this sense, the role of these automatic agents is
far from negligible, considering the role they play in the
amplification of ideas and opinions that generate conflict in our
societies [42,43].
The classification adopted has allowed the comparison of the
different topics arising in the conversations of 3 different profiles
of Twitter users during the initial months of the pandemic.
Furthermore, to the best of our knowledge, this study has several
advantages compared to other works that analyze sentiment in
a general manner and regardless of the information source and
type [44-46]. First, our study provides additional information
on the information sources (nonbots, self-declared bots, and
bots), particularly concerning the credibility of the different
Twitter users. Second, it allows a deeper analysis of the Twitter
conversation based on topics and the associated sentiments
during the outbreak of the COVID-19 pandemic. Third, the
comparison of the topics according to source shows there is
internal consistency between the different types of accounts.
Therefore, the differentiation of topics and sentiments linked
to different Twitter user accounts (and particularly those relating
to bots) is relevant for the identification, characterization, and
monitoring of possible sources of disinformation that could
emerge in the event of an infodemic [47].
On the other hand, the sentiment analysis also gives an idea of
the strategy of undeclared bots or automated accounts in the
https://www.jmir.org/2022/8/e36085
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context of the first months of the COVID-19 pandemic. Our
study shows that social bots were used to criticize and harass
political opponents rather than to provide useful information
on health measures and self-protection behavior in a context
where quality information was sorely needed in the face of
widespread misinformation [47]. In-line with our results, a
recent study indicates that right-wing self-media accounts and
conspiracy theorists may give rise to this opinion polarization,
whereas malicious bots may foster the diffusion of noncredible
information [42]. We have not found large amounts of
misinformation on health issues but rather major divisions
regarding political decision-making processes and the measures
to address the COVID-19 pandemic (eg, vaccines and protective
measures, etc). In this sense, the conversation on automated
accounts is directed more toward generating conflict and
disagreement [43].
Despite these findings, additional evidence is needed to
determine the social and health impacts of the misuse of social
bots during the early months of the pandemic. Likewise, it is
necessary to determine to what extent these agents have hindered
the prevention and control of the health crisis by the different
governments. In any case, this is a new working hypothesis that
remains open and should be analyzed in detail in future studies.

Limitations and Strengths
This study is subject to several limitations. First, the data
collected from Twitter is limited by the technical characteristics
of the Twitter streaming API. Although the streaming API is
more accurate than the REST API, it never returns the total
number of tweets about the conversation [48]. Moreover, due
to technical limitations, it is impossible to analyze the entire
conversation. In addition, by selecting only tweets written in
the English language, the content of the conversations is strongly
focused on topics in the United States and United Kingdom.
Second, the period analyzed is in the early stages of the
outbreak, and the conversations tended to evolve just as the
pandemic did. Third, when observing self-expression over the
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internet, only the thoughts and feelings the users chose to
express at the time can be captured, which may be strategically
composed to project a public persona [49]. Still, many mental
health studies have shown that social media is a valuable outlet
and source of support for its users [50]. Topic modeling is a
good technique to obtain a general idea of the different topics
within a conversation. However, the downside of this technique
is that the number of topics must be preselected. In our case,
we used the coefficient of variation to identify the optimal
number for each group.
On the other hand, this study also has several strengths. First,
it takes into account the credibility of the information source.
This aspect is rarely addressed in studies of social media
platforms [2]. Second, this study analyzes conversations
regarding the outbreak of a pandemic, and social media sites
are hot spots in such situations [5], with users increasing their
information searches on these platforms.

Suarez-Lledo & Alvarez-Galvez

Conclusions
By classifying the accounts according to the likelihood of being
bots and applying topic modeling, we were able to segment the
Twitter conversations regarding the COVID-19 pandemic.
Nonbot accounts, for example, tended to share information or
give advice on how to deal with the pandemic. The accounts
declared as bots mostly shared information and statistics on the
pandemic. Finally, accounts not declared as bots tended to
criticize the measures imposed to curb the pandemic, express
disagreement with politicians, or question the veracity of the
information shared on social media platforms. We also used
sentiment analysis to compare the tone of the conversations in
these different groups. Self-declared bots had conversations
with a neutral tone. The tone of messages written by nonbot
accounts tended to be more positive than the former. On the
contrary, the tone of undeclared bots was always more negative
than the tone of self-declared bots. Therefore, it is necessary to
work on the identification and monitoring of these agents in
times of infodemics.
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Introduction

Methods

It is challenging to routinely assess gait unless dedicated
measuring devices are available. Inspired by a recent study that
reported high classification performance of activity recognition
tasks using smartwatches [1], we hypothesized that the
recognition of gait-related activities in older adults can be
formulated as a supervised learning problem. To quantify the
complex gait motion, we focused on hand motion because
disturbed hand motions are frequently reported as typical
symptoms of neurodegenerative diseases [2].

Data Acquisition
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We recruited 39 older adult participants (age: 80.4, SD 6.5 years;
n=38, 73.7% women) from a local community. The number of
participants for each class was as follows: cane-assisted gait
(C0) (n=7), walker-assisted gait (C1) (n=5), gait with
disturbances (C2) (n=21), gait without disturbances (C3) (n=6),
and gait without disturbances in young controls (C4) (n=12).
During the experiment, participants were asked to wear a
smartwatch (DW9F1; Fossil Group, Inc) on each wrist and walk
at a normal speed similar to their usual walk. Figure 1 shows
example photographs taken during the experiment.
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Figure 1. Five different gait styles: cane-assisted gait (C0), walker-assisted gait (C1), gait with disturbances (C2), gait without disturbances (C3), and
gait without disturbances in young controls (C4).

Classification
The multivariate time-series (MTS) signals captured at a
sampling rate of 50 Hz were segmented into
. Here,
represents the inertial motion at a specific moment, t. In this
study, D was 12 (=6×2), since each smartwatch measures the
6-DOF (6 degrees of freedom) motion separately, and T was
100 (approximately 2s) so that each x could contain at least a
full gait cycle. The task in our study was to infer the type of
gait activity, , where C was 5. Our neural network systems,
tailored to learn gait features from MTS data, were trained in
an end-to-end fashion using state-of-the-art deep learning
architectures, including Conv1D [3], long short-term memory
(LSTM) [4], and an LSTM with an attention mechanism [5].

Ethics Approval
All participants were enrolled after institutional review board
(IRB) approval (Sungkyunkwan University IRB approval
number: SKKU 2021-12-014).

https://www.jmir.org/2022/8/e39190

XSL• FO
RenderX

Results
We employed the accuracy and macro average of the F1-score,
Fm, as a measure of performance. For the both-hands condition,
the accuracy (Fm) was 0.9757 (0.9728), 0.9736 (0.9699), and
0.9771 (0.9738) when Conv1D, LSTM, and attention-based
LSTM were employed, respectively. In the case of the left-hand
and right-hand conditions, the accuracies (Fm) obtained in the
left-hand condition were 0.9652 (0.9623), 0.9611 (0.9583), and
0.9630 (0.9592), respectively. In the right-hand condition, the
accuracies (Fm) were 0.9724 (0.9706), 0.9673 (0.9643), and
0.9673 (0.9635) for the same employed models, respectively.
We also examined the learned representations as shown in
Figure 2 using t-distributed stochastic neighbor embedding
(t-SNE) [6], which visualizes the high-dimensional vectors by
projecting them into a 2D space in such a way that similar points
cluster together.
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Figure 2. Feature visualization using t-distributed stochastic neighbor embedding. Each point is colored according to the predicted class. LSTM: long
short-term memory.

Discussion
The experimental results demonstrated an acceptable
classification performance (ie, both accuracy and the Fm score
were higher than 0.95). However, there is systematic confusion,
such as recognizing C3 as C2 (0.03-0.04 for the left hand,
0.05-0.07 for the right hand, and 0.05-0.06 for both hands,
respectively) as shown in Figure 2 (see the region highlighted
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in black). It is noteworthy that the classification performance
of the single-hand condition was similar to that of the both-hands
condition, suggesting that wearing a single smartwatch is
sufficient for the proposed gait assessment task. From the t-SNE
plot, it was found that points from the LSTM and attention-based
LSTM exhibit a more clustered distribution than those from the
Conv1D model. We expect that the proposed approach can be
applied to various health care applications for older adults (eg,
wearable detection of gait disturbances).
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